SYSTEM AND METHOD FOR ABNORVAL EVENT DETECTI ON | N THE OPERATI ON OF

CONTI NUQUS | NDUSTRI AL PROCESSES BACKGROUND OF THE | NVENTI ON [0001] This

i nvent i orwoeb@ss635i N its broadest aspect, to preventi ngcrhs2@soadoat i on of
process and equi pment problems into serious incidents. It achieves this by
first providing the operator wwth an early warning of a devel opi ng process
or equi pment problem before the alarmgystemis activated, and by then
provi ding the operator with key information for |ocalizing and di agnosi ng
the root cause of the problem [0002] In the petrochem cal industry,

S?ggﬁgﬂ _oper VST ROD SOK AWORMR@EWN’P’WJ;ETEC'I‘P@N 4
, paent al: 2 S0 ~F ﬂif@f]ﬁ éﬁ% na, In
nmore severe -"-"?“ QN OF CRRHINYODS )P Llﬁi@ . S’ium has

estimated that abnormal events can cost between 3 and 8% of production
capacity, which is over $10 billion for the US petrochemnical industry.
[0003] AbBXOHGROUND ORI INMENTI@Nult fromthe failure of field

devi ces (such as instrunentation, control valves, and punps) or sonme form
of process disturbance that causes the plant operations to deviate fromthe
normal opep@y1ng StraicinvbmiMRfdlatesliarits Brogdesndspest! opreaedtitreethef key

I nstrunent'ati on and ot her devices, which are part of the process control
syst em carscAasen dhprovest aml equipment pobleny éntoiseripns twidentsit B aghieves

undesi rabl e and_dangergus state. Ear]y detection, of éggse fajlures enabl es

the oper athis®y firshpiaviding the PpaRategerih an@ael Y BHIiRg okj dPUslPBUIZIIMAPESS ¢ he

failure o %qﬁiprrrnoernet\ p%glyl%rrn? b'eﬁ?r'e%@ htarm system is activated, and by then

providing the operator with key information for localizing and diagnosing the

root cause of the problem.

[0002] In the petrochemical industry, abnormal operations can have a
significant economic impact (lost production, equipment damage), 'can. cause
environmental releases, and, in more severe cases, can endanger human life. An
industrial consortium has estimated that abnormal events can cost between 3 and
8% of production capacity, which is over $10 billion for the US petrochemical

industry.

[0003] Abnormal situations commonly result from the failure of field
devices (such as instrumentation, control valves, and pumps) or some form of
process disturbance that causes the plant operations to deviate from the normal
operating state. In particular, the undetected failure of key instrumentation and
other devices, which are part of the process control system can cause the control
system to drive the process into an undesirable and dangerous state. Early
detection of these failures enables the operations team to intervene before the

control system escalates the failure into a more severe incident.

[0004] The current commercial practice is to notify the console operator of

a process problem through process alarms. These process alarms are defined by



[ 0004] The current commercial practice is to notify the consol e operator of
a process problemthrough process alarns. These process alarns are defined
bysetti ngveah@/@pasat i ng ranges on key process neasur enegras¢esmpmpat ur es,
pressures, flows, |levels, and conpositions). An alarmis given to the
operator when the safe operating range of a neasurenment is violated. In
current commercial practice, setting these alarmranges is a delicate

bal ance between giving the operator sufficient tine to respond to the
process problem and overwhelmng himwith a flood of alarms. Often, the
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[0005] In the past decade, the application of multivariate statistical models
(principle components models, PCA, and partial least squares, PLS) for
monitoring complex industrial processes has started to take place in a few
industries, notably steel casting (U.S. patent 7), pulp and paper (U.S. patent 3),
and semiconductor manufacturing (U.S. patent 1). The general practice is to first
identify a particular process problem, and then to build a PCA model specifically
designed to catch the process problem. This model is executed online to
generate statistical indices of the operation. A notification is given to the
process operator based on the violation of key statistical limits (sum of square
prediction error and Hotelling T square) computed from the model. The
operators are then informed of a prioritized list of those original inputs, which

are the greatest contributors to the statistical indices.

[0006] For each industry, the characteristics of the process operation and
the related process data require modifications to the method for developing
multivariate statistical models and their subsequent use in an online system.
Without these modifications, there can be a number of technical problems

limiting the usefulness in applying models for online process monitoring. These



[ 0006] For each industry, the characteristics of the process operation and
the related process data require nodifications to the nethod for devel opi ng
mul ti var iwDeostmsidéssti cal nodel s and their subsequent usecCirUSansosiobne
system Wthout these nodifications, there can be a nunber of technical
problens [imting the useful ness in applying nodels for online process

noni toring. Thesetechnical problens can3cause the statistical indices have
significant Type | and Type Il errors (false positives and m ssed abnor nal
events). SUMVARY OF THE | NVENTI ON [ 0007] Events and di sturbances of various
nagni t udeseglifcAgebRMd YarpéhiRe th@afsiee ssdiogehald AgsifichasTypd [ @ time
these events and 'di sturbances are handl ed by the process control system
However, tHgpelerars(fals pasifivaseadimissekebrormaleivantsed i nt ervention in the
process operations whenever the process control system cannot adequately
handl e the process event. W define this situation as an abnornal operation
and t he caSISKMAR Y SHRINMENTI®ON event. [0008] 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 abnornmal operations and hel p the operator isolate the

| ocation qipobhe I O®ychBUAR] HRnABadded bFhvatidlis PiaRafE8es At dmkangly! ar, a

conti nuous process. In a preferred enbodi nent, the invention iS applied to
a chemi calaffectingfprocesy operatems. Mbstofthetidd thabd yverttoand dasturbahessi aral
process. In a preferred enbodi nent, the nodels_enpl oy principle conponent
anal ysi s (lPadjed htheprogess esmined gritema Hovweiepdhe @psrateoisieqisgd t© nodel s
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conbi ned into
situation as an abnormal operation and the cause defined as an abnormal event.

[0008] A methodology and system has been developed to create and to
deploy on-line, sets of modefs, which are used to detect abnormal operations and'
help the operator isolate the location of the root cause in an industrial process, in
particular, a continuous process. In a preferred embodiment, the invention is
applied to a chemical or refining process. More specifically, to a petrochemical
process. In a preferred embodiment, the models employ principle component
analysis (PCA). These sets of models are composed of both simple models that
represent known engineering relationships and principal component analysis
(PCA) models that represent normal data patterns that exist within historical
databases. The results from these many model calculations are combined into a
small number of summary time trends that allow the process operator to easily

monitor whether the process is entering an abnormal operation.

[0009] Figure 1 shows how the information in the online system flows
through the various transformations, model calculations, fuzzy Petri nets and
consolidations to arrive at a summary trend which indicates the normality /
abnormality of the process areas. The heart of this system is the various models

used to monitor the normality of the process operations.



smal | nunber of summary tinme trends that allow the process operator to
easily nonitor whether the process is entering an abnormal operation.

[ 0009] Fiworeoclo3sdsews how the information in the onlinepsyatsessiobmes

t hrough the various transformati ons, nodel calculations, fuzzy Petri nets
and consolidations to arrive at a sunmary trend which indicates the
normality / abnormality of the process -akeas. The heart of this systemis
the various nodels used to nonitor the normality of the process
operations.- A - [0010] The PCA nodels described in this invention are

i ntended t 010padl yTheRCHomodenhtdesodbed frethininventiod aehanesddd Brpeaises and
to rapidly detect devel opi ng equi pnment and process problens. The intent is
to provi demengak e@ntnmmumﬂfmglgoancgcthermmel ooessss and 0 papddly datectpr ocess

oper ati ons articular nsol e
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on a mnutes to hours tinescale, as opposed to |ong term perfornmance

degr adat i omajoftrefipmgomscheandaleppocegsyepergiimpbhisos(edn distillattadiotv@rhe speci fi ed
beforehand. This is in contrast to the use of . PCA nodels cited in the

i t er at ur eTSRATEH COMPISTSOLS theaberehangea trats, gteswhich; haviedmdredstiopr ocess

probl em ang to cover a nuch smaller peytion.of.the proce per ations.
[0011] To glgggﬂqgiogtpr?%qsg TBSHERRrSS- ﬁhg nﬁ%qlﬁﬁﬁlg‘ lér(i)elg@eaga giﬁ{aeﬁgvel opnent
and depl oygﬁm e vel r 0N enskoas ' their
applicatioh t oe cont nuo%s (Ir%le??%i nr}g{uénd ?Loeu?n&cla %@g’caesrsgggdsﬁﬁg? E(g{gng:

term performance degradation. The process and equipment problems do not need

to be specified beforehand. This is in contrast to the use of PCA models cited in

the literature which are structured to detect a specific important process problem

and to cover a much smaller portion of the process operations.

[0011] To accomplish this objective, the method for PCA model
development and deployment includes a number of novel extensions required for

their application to continuous refining and chemical processes including:

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

measurement inputs

e developing of multivariate statistical models based on a variation

of principle component models, PCA

e developing models based on simple engineering relationships

restructuring the associated statistical indices

e preprocessing the on-line data to provide exception calculations

and continuous on-line model updating



criteria for establishing the equi pnment scope of the PCA nodels criteria
and net hods for selecting, analyzing, and transform ng neasurenent inputs
devel opi ngoaboemsldssvari ate statistical nodel s based on acvarsc@siosrneof
principl e component nodels, PCA devel opi ng nodel s based on sinple

engi neering relationships restructuring the associated statistical indices
preprocessing the on-line data to provige exception cal cul ati ons and
continuous on-line nodel updating using fuzzy Petri nets to interpret nodel
i ndices as normal or abnormal wusing fuzzy Petri nets to conmbine nmultiple

model outputs intoed KifgliezA0NHIRAR BEFIRIddUihdbbols Rbridigral [ty /
abnormality for a process aréa design of operator interactions with the
nodel s and fuzzy Petrabmeetlto refl ect operati ons and mai nt enance
activities [0012] These extensions are necessary to handl e the
characteristics of continuous refining and chem cal plant operations and

t he correspondi ng ®atusing vz Betristate s eambingmugpleamede] awlpatseingd decer i ng
nodel s can be used effecti veliy. These extensi ons oVi dei.tze advant age of
preventing many of t hENgIFRON{INYAYS FUmmary 1@9?&}0&1 Uty rabpﬂlaP@&E/i ons of
abnormal events. [00 aT 6§es'5s,ea§5£0n wi |l not provide a general background
to PCA. For that, readers snould refer to a standard textbook such as E.
Jackson's "A User's @Guide to Principal Conponent Analysis" (2)

e design of operator interactions with the models and fuzzy Petri

nets to reflect operations and maintenance activities

[0012] These extensions are necessary to handle the characteristics of
continuous refining and chemical plant operations and the corresponding data
characteristics so that PCA and simple engineering models can be used
effectively. These extensions provide the advantage of preventing many of the

Type I and Type II errors and quicker indications of abnormal events.

[0013] This section will not provide a general background to PCA. For
that, readers should refer to a standard textbook such as E. Jackson’s "A User’s

Guide to Principal Component Analysis" (2)

[0014] The classical PCA technique makes the following statistical
assumptions all of which are violated to some degree by the data generated from

normal continuous refining and chemical plant process operations:

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

over time.

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

normal process operations

3. Process noise random variables are mutually independent.



[ 0014] The classical PCA techni que nakes the follow ng statistical
assunptions all of which are violated to sone degree by the data generated
f rom nor meb 20@nisie3aous refining and chem cal plant process/sp@sasioons: 1.
The process is stationary-its nean and variance are constant over tine. 2.
The cross correl ation anong variables is |inear over the range of normnal
process operations 3. Process noi se random variables are nmutual ly

i ndependent. 4. The covariance matrix of the process variables is not
degenerate (i.e. positive sem -definite). 5 The data are scal ed

"appropriately” (the Theodaathiieahheix cfthepRoca3ashribBiends hot depaherat® unit
variance). 6. There are no (unconpensated) process dynam cs (a standard
partial conpensation figr positiyetsemglefimite).ncl usi on of |ag variables in the
nodel) 7. Al variabl es have sone degree of cross correlation. 8. The data

have a nultivariate n | distribuytion [0015] Consequently, in the
sel ection, anal ysi é-aﬁégﬁﬁf&rﬂﬁéﬁﬁﬁ@i appieprintepyit ¢ha stindaed sabsicglient in

bui | di ng t he PCA node i QUS adj ustnents are de to eval uate and
conpensate for the deé[?pgég%t}g%ngﬁgtspaq%wbtlvana&q e these PCA nodels are
depl oyed on-line the nodel calculations require specific exception
processing to reno t i : g Eﬂﬂ? e
activities, to disabl Zﬂﬁaeﬁréggépﬁ&%lggg%%%@g{rgééﬁg?P@,gﬂ{l%%ow %e oper at or
observe and acknow edgatiaheompenatiahi fon b baihgane Mclhsibawdag Beriables

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

8. The data have a multivariate normal distribution

[0015] Consequently, in the selection, analysis and transformation of inputs
and the subsequent in building the PCA model, various adjustments are made to

evaluate and compensate for the degree of violation.

[0016] Once these PCA models are deployed on-line the model calculations
require specific exception processing to remove the effect of known operation
and maintenance activities, to disable failed or "bad acting" inputs, to allow the
operator observe and acknowledge the propagation of an event through the
process and to automatically restore the calculations once the process has

returned to normal.

[0017] 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.

[0018] The simplest form of redundancy checks are simple 2x2 checks, e.g.



process and to automatically restore the cal cul ati ons once the process has
returned to normal. [0017] Use of PCA nodels is supplenented by sinple

r edundancyochemissssshat are based on known engi neeri ng recatisenshamss t hat
must be true during normal operations. These can be as sinple as checking
physi cal |y redundant neasurenents, or as conplex as material and

engi neeri ng bal ances. [0018] The sinpl egt- form of redundancy checks are
sinple 2x2 checks, e.g. tenperature 1 = tenperature 2 flow 1 = valve
characteristic curve 1 (valve 1 position) nmaterial flow into process unit

1 = material flow Qut HindPhiFESS: WRiderdtuld919] These are shown to the
operator as sinple x-y pqots, such as the valve flow plot in Figure 2. Each

pl ot has an area of normal operations, shown on this {)I ot by the gray area.
Qper ati ons out si de et hflewal eavaliveechsirgetatisiic earvabinGralied 1 ppoioiRo) Ml ti pl e
redundancy can al so be checked t hrough a single multidinensional nodel.

Exampl es of nul tidi nensional, redundancy are:. pressure 1 = essure 2 =
= pressure n ol HOvpipt REecess Bplds=ngienal Towars B BIOHRE out of
process unit 1 = ... Z.mgterial flowinto process unit 2 [0021]
Mul ti di mensi onal chec][}s are represented with "PCA |ike" nodels. In Figure
3, there are three independent and redundant neasures, X, X2, and X3.
Whenever X80t9hnged Hege areeshodin thieggerdtyr ad Singpld 0 ptdisirsgel abyhea23. Thi s
set of relationships is _expressed as a PCA nodel with a single principle
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.

[0020] Multiple redundancy can also be checked through a single

multidimensional model. Examples of multidimensional redundancy are:

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

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

[0021] Multidimensional checks are represented with "PCA like" models.
In Figure 3, there are three independent and redundant measures, X1, X2, and
X3. Whenever X3 changes by one, X1 changes by a;3 and X2 changes by a,3.
This set of relationships is expressed as a PCA model with a single principle
component direction, P. This type of model is presented to the operator in a
manner similar to the broad PCA models. As with the two dimensional
redundancy checks the gray area shows the area of normal operations. The
principle 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.



conponent direction, P. This type of nodel is presented to the operator in
a manner simlar to the broad PCA nodels. As with the two di nensi onal

r edundancoyochenissssshe gray area shows the area of nornalpcopse@siosnss The
principle conponent |oadings of P are directly calculated fromthe

engi neering equations, not in the traditional manner of determning P from
the direction of greatest variability.[9022] The characteristics of the
process operation require exception operations to keep these rel ationships
accurate over the normal range of process operations and normal field

equi prent | hanoes PRCcARLAERTARCS: ME itk SpordiOAZRLuR B SRor0! except i on

operation . opéening ypass val ves around flow neters conpensating

for upstr S?éﬂaﬁoﬂ@t/&ﬂﬁéd;ﬁmﬁs@f&@t&ﬂfshipsfmngme ovectheittoratal cangefoffrrecess
measurenents redirecting process flows based on operating npdes [0024] The
PCA nodel spemtionhend ngimaleti¢ldequipruentshengenardmaittenaisefich¥tialisi ng f uzzy
Petri nets to provide the process operator with a continuous sunmmary
indication of the normality of the process operations under his control
(Fi gure 4]00243)025] Rkahples of eke¢ptiin opdrationt ares are created from each PCA
nodel so that the indices correspond to the configuration and hierarchy of
the process equipment that the process operator handles. The sensitivity of
the traditional sus aefmgaofdypRsedalyes erouBdribow 1SFETS | ndex is inproved by
creating subset indices, which only contain the contribution to the SPE
i ndex for the inpues opmpensaipngeldriupsiraasi/foaresiregsr PICSHECGNARES conpl et e
process area covered by

e recalibration of field measurements

e redirecting process flows based on operating modes

[0024] The PCA models and the engineering redundancy checks are
combined using fuzzy Petri nets to provide the process operator with a
continuous summary indication of the normality of the process operations under

his control (Figure 4).

[0025] Multiple statistical indices are created from each PCA model so that
the indices correspond to the configuration and hierarchy of the process
equipment that the process operator handles. The sensitivity of the traditional
sum of Squared Prediction Error, SPE, index is improved by creating subset
indices, which only contain the contribution to the SPE index for the inputs
which come from designated portions of the complete process area covered by
the PCA model. Each statistical index from the PCA models is fed into a fuzzy
Petri net to convert the index into a zero to one scale, which continuously
indicates the range from hormal operation (value of zero) to abnormal operation

(value of one).

[0026] 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



t he PCA nodel. Each statistical index fromthe PCA nodels is fed into a
fuzzy Petri net to convert the index into a zero to one scal e, which

cont i nuousbyosendiesat es the range from nornmal operation fealuseoosfosmero) to
abnornmal operation (value of one). [0026] Each redundancy check is al so
converted to a continuous normal - abnormal indication using fuzzy nets.
There are two different indices used fo9-these nodels to indicate
abnornmality; deviation fromthe nodel and devi ati onoutsi de the operating
range (shown on Figure 3). These deviations are equivalent to the sum of
the squar gugfigd iR cf‘%e&&tingaﬁ%gb hehdwoh %h'Fi?ﬁlre'B)_.S Rtfse deRfhitions afor PCA nodel s.
For checks wth dinmension greater than two, it is possible to identify
whi ch i npeuivater t thedvamof kire squgue of the arorcand the B@eMing Blsquarenship is
still within the normal envelope, the problemis with jnput Xl ., Each

dev: at ![ ﬁntin@i_ééﬁjfﬁi R@tééb@%f-t Eer glgeqquéwiﬂuéiggewm Erq?&r thaR V& & 0 to one
scal e at w. canti ] te t . i

(val e of postible Boaeuily Rt RE UFR Ghpia e T e 683 2B etcn
process aregqyng 1 YRR T HorhallddGe RpR! eProbldht iPRRhiingh X1 Set of
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normal - abnormal“indicators is conbined rnto single normal - abnor nal

i ndi cat or Eabhideviationaneasuye iséoivetted by tRetfuzzy Pgricndtdntoed gad toloaewor st case
i ndi cation of abnormal operation. In this way the operator has a high |evel
summary ofscalelthatiwilkeentisionskyrindicaretherangs froar sarmalopsratian (valre®l | not
provi de a general background t&ﬁiuzzly Petri nets. For that, readers should
refer to ERFUJeGbnermaloparion, (¥8dye PT RR%)s: An Overview (1) [0028] The
overal |l process for devel oping an abnormal event application is shown in

Figure 5. The basic devel opnent strategy is iteratjve where the
[0027] For each process area under the authority of the operator, the

applicable set of normal - abnormal indicators is combined into a single normal -
abnormal indicator. This is done by using fuzzy Petri logic to select the worst
case indication of abnormal operation. In this way the operator has a high level
summary of all the checks within the process area. This section will not provide
a general background to fuzzy Petri nets. For that, readers should refer to

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

[0028] The overall process for developing an abnormal event application is
shown in Figure 5. The basic development strategy is iterative where the
developer starts with a rough model, then successively improves that model’s
capability based on observing how well the model represents the actual process
operations during both normal operations and abnormal operations. The models

are then restructured and retrained based on these observations.

BRIEF DESCRIPTION OF THE DRAWINGS

[0029] 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.



devel oper starts with a rough nodel, then successively inproves that

nodel 's capability based on observing how well the nbdel represents the
actual prwoess/@pasati ons during both nornmal operati ons pamdsadsosived
operations. The nodels are then restructured and retrai ned based on these
observations. BRI EF DESCRI PTI ON OF THE DRAW NGS [ 0029] Figure 1 shows how
the information in the online systemtljgpws through the vari ous
transformations, nodel cal cul ations, fuzzy Petri nets and consolidation to
arrive at a summary trend which indicates the normality/ abnormality of the

process agﬁ&ﬁ%{ 90[3%@%9%58\;@ aSPVS fIBw 1?1'0‘(&) frleQpepAtot ad @ sihipleopopAblor as a

sinple x- Igure 3 shows three-di nmensi onal redundancy
expressed as a PCA nodel. [0032] Figure 4 shows a schematic diagramof a

fuzzy net I@fégset 1gajé§/g%§1)v&)§' {9 edlEhei %dﬁﬁﬁﬁﬂ%{ﬁ:l $preiRg3R EEAL he

overal | s fo pi'ng an abnormal event cation. [0034] Figure
6 shows anﬁﬁégnatl c diagramof the anatony of a process control cascade.

[ 0035] Figure 7 shows a schematic diagram of the anatony of a nultivariable
constraint controller, M/CC. [0036] Figure 8 shows a schematic di agram of

the on- 1§ Ripd]f © SPidal 4 SBbbT EnBina St ity Ao s e 9 showes

t he KPI is o torical data. Fi gure 0 shows a di agram of
signal to noise ratio. [0039] Figure 11 shovvs how t he process dynam cs can

di'srupt t lf(?033] Figure 5 shows a schematic diagram of the overall process for

developing an abnormal event application.

[0034] Figure 6 shows a schematic diagram of the anatomy of a process

control cascade.

[0035] Figure 7 shows a schematic diagram of the anatomy ofa

multivariable constraint controller, MVCC.

[0036] Figure 8 shows a schematic diagram of the on-line inferential

estimate of current quality.
[0037] Figure 9 shows the KPI analysis of historical data.
[0038] Figure 10 shows a diagram of signal to noise ratio.

[0039] Figure 11 shows how the process dynamics can disrupt the

correlation between the current values of two measurements.
[0040] Figure 12 shows the probability distribution of process data.
[0041] Figure 13 shows illustration of the press statistic.

[0042] Figure 14 shows the two-dimensional energy balance model.



correl ati on between the current values of two neasurenents. [0040] Figure
12 shows the probability distribution of process data. [0041] Figure 13
shows i | Iwetwa&iisosssof the press statistic. [0042] Fi gur ectAissévsins2obhe

t wo- di nensi onal energy bal ance nodel .[0043] Figure 15 shows a typical
stretch of flow, valve position, and delta pressure data wth the |ong
period of constant operation. [0044] FEijgure 16 shows a type 4 fuzzy

di scrimnator. [0045] Figure 17 shows a flow versus valve Pareto chart.

[ 0046] Figure 18 shows a schematic di agram of operator suppression |ogic.
[0047] Fi 19 s t eSHUR  sindriell@agi C.

[ 0048] Fi r‘@]zo s]ﬁ%\;‘\ge ?%gﬁ‘ks"g??.txgwg ﬁ%t}:gl'i‘gg?g?/:/gﬁlvof eve((rjﬁ3 suppr essi on.
[0049] Fi gresguré dhtsHamyahe Mengepeanvd efippiistastioperativh. t he oper at or suppr essi on
di sabling predefined sets of 1nputs in the PCA nodel. [0050] Figure 22
shows how desi gn objectives are expressed in the primary interfaces used by
t he operagm{éélzDETﬁ%gﬁ% RSBl @-‘fugﬁEdllgaEﬁﬁEﬂ%Ep EMBODI MENTS DEVELOPI NG
PCA MODEL EVENT DETECTION'l . Conceptual PCA Mbdel Design

[ 0051] The overall design goals are to: pr ovi de the consol e operator with
a_conti Nupyifey! al URighRO TBhoWS o AP YerRvable PhefPaRupRerati ons for all of
t he proce |ts u s operating authority provide himwth an early
detection of a rapidly developing (mnutes to hours) abnornmal event within

hi s oper aié@&]aUt 1rg|u}3/ 18'RYGEG Shbinhd Iaié)g%% S peli¥r BiRRESoh e mat i on

needed to

[0047] Figure 19 shows a schematic diagram of event suppression logic.

[0048] Figure 20 shows the setting of the duration of event suppression.

[0049] Figure 21 shows the event suppression and the operator suppression

disabling predefined sets of inputs in the PCA model.

[0050] Figure 22 shows how design objectives are expressed in the primary

interfaces used by the operator.

DETAILED DESCRIPTION OF THE PREFERRED EMBODIMENTS

DEVELOPING PCA MODELS FOR ABNORMAL EVENT DETECTION

I. Conceptual PCA Model Design

[0051] The overall design goals are to:

e provide the console operator with a continuous status (normal vs.
abnormal) of process operations for all of the process units under

his operating authority

e provide him with an early detection of a rapidly developing

(minutes to hours) abnormal event within his operating authority



di agnose the root cause of the abnornal event. [0052] Actual root cause

di agnosis is outside the scope of this invention. The console operator is
expect ed wWo 2dicagne3si s the process probl em based on his proassesksmei edge
and training. [0053] Having a broad process scope is inportant to the
overall success of abnornmal operation nonitoring. For the operator to |learn
the systemand maintain his skills, hejpeeds to regularly use the system
Since specific abnormal events occur infrequently, abnormal operations
nonitoring of a small portion of the process would be infrequently used by

the operator, |ikely teadligt\in ORRY Aoyl SodbSliRfiRhAtoATceUsa gon when i

finally detects an abnornma scope Is 1n contrast to the

publi shed nodel i ng gqﬂgdggég{bfoﬁtbgu@e@?ﬂme abRermaldelenhased on detecting a
specific process problemof significant econom c interest (see Kourti,

2004). [0054] There are thousands of process neasurenments within the
&r) ocess ulfﬂ(lﬁf]undeAcmak ronflcausodingnesis peputsisie the spepsel His HYCREPRt v .
ntinuous_refining and chemi cal processes exhibit signifi,cant tine

dKna(rjri cs Emﬁﬁ@%@@@@%%ﬁﬁéﬁéﬁ@é,tom&m%tgspf?%és B?‘g’rsi?ncl??ﬁ?‘ipgtql%n anmong
the data. This requjr bvi.ding the process equi pnent into separate PCA
nodel s mBF%%%@@WL?Q?@%Q&%%@%M can be nmai ntai ned. [0055] Concept ual
nodel design is conposed of four najor decisions: Subdividing the process
equi pnent equjipnent groups with correspondin | ividin
process ob@%i ng ﬁ%‘gpaegﬁoﬁgypﬁ?sé Sﬁ?Bergs‘EPporgamgo b VB s ecoRt B )

abnormal operation monitoring. For the operator to learn the system and

maintain his skills, he needs to regularly use the system. Since specific

abnormal events occur infrequently, abnormal operations monitoring of a small

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

the operator to disregard the system when it finally detects an abnormal event.

This broad scope is in contrast to the published modeling goal which is to design

the model based on detecting a specific process problem of significant economic

interest (see Kourti, 2004).

[0054] There are thousands of process measurements within the process
units under a single console operator’s operating authority. Continuous refining
and chemical processes exhibit significant time dynamics among these
measurements, which break the cross correlation among the data. This requires
dividing the process equipment into separate PCA models where the cross

correlation can be maintained.
[0055] Conceptual model design is composed of four major decisions:

e Subdividing the process equipment into equipment groups with

corresponding PCA models

e Subdividing process operating time periods into process

operating modes requiring different PCA models



operating nodes requiring different PCA nodels Identifying which
measurenments w thin an equi pment group should be designhated as inputs to
each PCA wodeds/osledenti fyi ng whi ch neasurenents within arceqst@smsiosgr oup
shoul d act as flags for suppressing known events or other exception
operations A. Process Unit Coverage [0056] The initial decisionis to
create groups of equipnent that will belxXovered by a single PCA nodel. The
specific process units included requires an understanding of the process
integration / interaction. Simlar to the design of a nultivariable
constraint contr ol lerfachiifyife Wil indabulch®nRChifegh calipuhchrars@ipass al
significant process interdctions and key upstream and ‘downst ream

i ndi cations of processhoulidbgdssignatediastinpirans each PQ@5itiode¢he fol | owi ng rul es
are used to determ ned these equi pnent groups: [0058] Equi pnment groups are
defined by including all the major material and energy integrations and
qui ck recycl es in w*heldeaftying ek meagismentavidin an efHPINe S5QUP

keyfuncti onal section OE oper ioqgl sections). If the procgss uses a

mul tivari abl e const ra‘ﬁ?ﬂ“ d B asdlaes ior PHRPTESS RS EPPWR GYEHE OLGReT explicitly
identify the interact] ] mopg the process units. OGtherw se the
interactions need to %ggpgggg&gﬁggmghrough an engi neering anal ysis of the
process. [0059] Process groups should be divided at a point where there is
a m ni mal A ntREoaess Unitliiswaeare t he process equi pnent groups. The nost

obvi ous dividing point occurs when the only interaction conmes through a
single pipe containing the feed to the next downstreamunit. In this case

the tenpengdsge. The initial decision is to create groups of equipment that will be

covered by a single PCA model. The specific process units included requires an
understanding of the process integration / interaction. Similar to the design of a
multivariable constraint controller, the boundary of the PCA model should
encompass all significant process interactions and key upstream and downstream

indications of process changes and disturbances.
[0057] The following rules are used to determined these equipment groups:

[0058] Equipment groups are defined by including all the major material
and energy integrations and quick recycles in the same equipment group (also
referred to as key functional sections or operational sections). If the process
uses a multivariable constraint controller, the controller model will explicitly
identify the interaction points among the process units. Otherwise the

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

[0059] Process groups should be divided at a point where there is a
minimal interaction between the process equipment groups. The most obvious
dividing point 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



pressure, flow, and conposition of the feed are the primary influences on
t he downstream equi pnent group and the pressure in the i nmedi ate
downst r eanonbds/a3sssshe primary influence on the upstreampeguispevsns2ogs oup.
These primary influence neasurenents should be included in both the
upstream and downstream equi pnent group PCA nodels. [0060] Include the

i nfluence of the process control appligati ons between upstream and

downst ream equi pnent groups. The process control applications provide

addi tional influence paths between upstream and downstream equi pnent
groups. 0 ; @%I%St&gh{l i . frypat hs
exi st th?‘%@%@??@@‘%ﬁ?‘%ﬁ“{ﬁve these pi%lﬁgﬁlﬁgg tu(%) \tgg@?sﬁggﬁaegpi n both

equi pnent j@RrRUBS meAbdleysints sould depncladsd ircbothrthe upsptamatidons wi | |
indicate the major interactions anong the process units. [0061] Divide

equi prent dgwosipsamveguipresntigien Peemoidglsi fi cant time dynanics ( e.g.
storage tanks, long pipelines etc.). The PCA nodels primarily handl e quick
process changes (e.g. those which occur over a period of mnutes to hours).
| nf 1 uencep0060}i ch Fkelestbe dnflervewrfshe presocovemppigions bebresnt hei r
effect on the process, are not suitable for_PCA nodel sﬂ%ﬁ\herﬁ t hese

i nf | uencespsrearn apadoNMSIrea GBUPE LS TOHRS-al RFaPTOSEHSCOEAARPERHHYS of t hese

cynehr oni BEY 9 eEEREAGRRGEnGY BEBSBEREan aeaftind dEVhECa bl
dynam ¢ C RS Ho RedtBrwilt PR dRIcAPeas:. [ WA siopaES eiger at i ng

nodes are“defi ned as specific tinme peri'ods where the process behavior is

si gni fi capid mefivrépeartwhickaibleabess pitheaeedtoebeimiuddd iarbath ediifpheenént
grades of product (e.g. polyner production), signjificant process
groups. Analysis of the process control applications will indicate the major

interactions among the process units.

[00611  Divide equipment groups wherever there are significant time
dynamics ( e.g. storage tanks, long pipelines etc.). The PCA models primarily
handle quick process changes (e.g. those which occur over a period of minutes to
hours). Influences, which take several hours, days or even weeks to have their
effect on the process, are not suitable for PCA models. Where these influences
are important to the normal data patterns, measurements of these effects need to
be dynamically compensated to get their effect time synchronized with the other

process measurements (see the discussion of dynamic compensation).

B. Process Operating Modes

[0062] Process operating modes are defined as specific time periods where
the process behavior is significantly different. Examples of these are production
of different grades of product (e.g. polymer production), significant process
transitions (e.g. startups, shutdowns, feedstock switches), processing of
dramatically different feedstock (e.g. cracking naphtha rather than ethane in
olefins production), or different configurations of the process equipment

(different sets of process units running).



transitions (e.g. startups, shutdowns, feedstock swtches), processing of
dramatically different feedstock (e.g. cracking naphtha rather than ethane
in ol ef i wopoaxisedsson), or different configurations of Phe/yse@sesm4

equi prent (different sets of process units running).[0063] Were these
significant operating nodes exist, it is likely that separate PCA nodels
w Il need to be devel oped for each nmaj¢f -operati ng node. The fewer nodels
needed the better. The devel oper should assune that a specific PCA nodel
could cover si m'I?r operating nodes. This assunption nmust be tested by
runni ng n ta | tH6 @0k igDige see if it
behaves c@)r“.r@@t!y.@&ﬁ?@?%?%?gﬁédﬁggg%gﬁérrggl ens 1%%%614] I%ytglrgéer for there
to be orggspazak PO Imidelenel heed talby devglbped for esbhanajel operatingdeedct i on
system there should be an historical process problem of significant
econoni ¢ Thpdever tHodels meeded tecbatiegnTheslenelopeb phand assiyne Hiatanal yzed to

Identify the best approach for att.acking these probl ln o parti ar, the
dgvel oper S ¢ H%ﬁ'@dﬁﬁ%()‘flélqogﬁf ﬁ&ug{@%ﬁga%’é{f geﬁ‘rﬁﬂﬁgasf%muﬁﬂg EFﬂaék
abnormal gven I- ' Lon; ent |
aonor el B R A PRy ERLE Bt Bactfondiiin B AR B sisdTRgent ¥
suf fi ci enged ifiEbdHAVEOYETEEPAt € and per manently sol ve the problem Once the
attention of the organization is focused on the problem a permanent
solution is often found. This is the best approach. 2. Can the problem be
directly .aﬁiEt‘Sﬁ?alprHa & PEiaRt e way to detect a problemis to install
sensors that Tan—&—rm‘?y_r‘rmm'e the problemin the process. This can al so
be used to prevent the problemthrough a process

[0064] 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:

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

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

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

control application. This is the second best approach.

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

relatives to PCA abnormal event models. Other common alternatives for



control application. This is the second best approach. 3. Can an

i nferential nmeasurenent be devel oped which will neasure the approach to the
abnor mal wpeoatd3os33 | nferenti al neasurenents are usual | pcadasedospemorisi ng
partial |east squares, PLS, nodels which are very close relatives to PCA
abnormal event nodels. O her common alternatives fordevel oping inferential
measurenents include Neural Nets and |4 b@ar regression nodels. If the data
exi sts which can be used to reliably nmeasure the approach to the problem
condition (e.g. tower flooding using delta pressure), this can then be used
to not only defefelopimicihftRatiaPREhiiremeais inthideWNewrhENegsaridignddase for a
control application to prevent the condition fromoccurring. This is the
third best appeg@ssionoobdd. Bahb ddta exists whhsh cenbausedto mlwblyemessurdi t i ons

and inferential neasurenents of these conditions cgn he easily integrated
into the overdh¢ a%&%hvaoa?eH@hmpn@é@aéﬁigoﬁpm@%‘gngMSqun%dea Data and

thousands of Arseatd: HigEat R Helel b heRBnfRe A Rb PR Engh S &, 21

cascade Seconqsj ¥1spORithe bh&l fd?%f@ﬁﬁ?ﬁcatﬁﬁo%@?&ﬁﬁhé Y¥ohditioHtSm

secondary outputs (signals to field control valves) on these units Sel ect
key neasur enerdcsuttigd Dlistidchecthinelbest apmoatlor to nonitor the process (e.g.
t hose whi ch appear on his operating schematics) Select any measurenents
used by the cgontact_engjneer to neasure th% per formance Qf {he process
[0065] Both direct measurements of problem conditions and inferential
measurements of these conditions can be easily integrated into the overall

network of abnormal detection models.

I1. Input Data and Operating Range Selection

[0066] Within an equipment group, there will be thousands of process

measurements. For the preliminary design:

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

valves) on these units

e Select key measurements used by the console operator to monitor

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

e Select any measurements used by the contact engineer to

measure the performance of the process

e Select any upstream measurement of feedrate, feed temperature

or feed quality

e Select measuréments of downstream conditions which affect the

process operating area, particularly pressures.



Sel ect any upstream neasurenent of feedrate, feed tenperature or feed
quality Select neasurenents of downstream conditions which affect the
process openade/mys3area, particularly pressures. Sel ect extrns20eosmdant
measurenents for measurenents that are inportant Sel ect neasurenents that
may be needed to cal culate non-linear transformations. Select any external
measurenent of a disturbance (e.g. anbignt tenperature) Select any other
measur enents, which the process experts regard as inportant neasures of the
process condition [0067] Fromthis list only include neasurenents which

have the fol | ow ng, C@%%e?ggfﬁﬁ ?éciu%?fant Pﬁ@ﬁsﬁ@ﬁr‘%ﬂfsef@ MeABRINEME A 2

history of erratic or em pertornmance e neasurenent has a
satisfactory signal t@npghf€ ratio The neasurenent is cross-correlated

wi th ot her msasurerrentg in the data set The neasurenent is not saturated
for nmore than 10% of the tine during normal operations. The neasurenent is
not tightly controé| &dldcd neeafivestbnsethas iy, bavdasdedtaceloplai aggdinear he

ultimate primary of a control hierarchy).
transformations.

e 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

[0067] From this list only include measurements which have the following

characteristics:

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

performance
e The measurement has a satisfactory signal to noise ratio

e The measurement is cross-correlated with other measurements in

the data set

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

during normal operations.

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

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

operation or saturated against transmitter limits.



The neasurenent does not have |ong stretches of "Bad Val ue" operation or
saturated against transmtter limts. The neasurenent does not go across a
range of wel2u@31688i ch is known to be highly non-I|inear pcThis2008@s10£MENt | S
not a redundant cal culation fromthe raw neasurenents The signals to field
control valves are not saturated for nore than 10% of the time A
Eval uations for Selecting Mdel |nputsigQ068] 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, NqiaGnlAlidndd dbelidt bGchlssdiankDbPLARkE APhfeA ent in
h 0 norsera C

the i nput signal. € sigha o 1S ca ated as follows: 1.

The raw signal is fi %@{V%C{Olb‘éi}ﬁgh@rh&icﬁﬁeﬂﬁti al filter with an approxi nate
dynam c tine constant equivalent to that of the process. For continuous
refining and chem cal processes this tinme constant is usually in the range
of 30 minutes to 2e hdlhesmeBubamentawnphssedundant salculative freradhetawiel | . For
the exponential filter the equations are: Yn = P * Yn 1H(1-P) * Xn
Exponential filter edqieashimedsiation 1 P = Exp(-T s/ Tf) Filter constant

cal cul ati on Equation 2where: Yn the current filtered val ue

e The signals to field control valves are not saturated for more than

10% of the time

A. Evaluations for Selecting Model Inputs

[0068] 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
30 minutes to 2 hours. Other low pass filters can be used as well. For the

exponential filter the equations are:

Y,=P* Y, +(1-P) * X, Exponential filter equation Equation 1

P = Exp(-Ty/Ty) Filter constant calculation Equation 2



Yn-1 the previous filtered value Xn the current raw value P the exponenti al
filter constant Ts the sanple tine of the neasurenent Tf the filter tine
const ant Wo 2doassizdual signal is created by subtracti ngpchmasteosiogroed si gnal
fromthe raw signal Rn = Xn - Yn 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 sigpglb S/ N=sg / s R Equation 4 [0069]
It is preferable to have all inputs exhibit a S/INwhich is greater than a
predeterm ned m ni num such as 4. Those inputs with S/Nless than this

m ni nrum need 'ngi dual exam nation to determ ne whether they should be

i ncluded in the nodel [0070] The data set used to calculate the S/N should
exclude any | ong periods of steady-state operation since that will cause
the estimate for tYig noi the avorené fiterasl yduexcessively |arge. 2) COross

Correl ation Test[0QQ71] The cross corre|lation is a nmeasure of the

i nformati on redundhacy t@@ﬁrﬁ}?@ﬁsg&e&e ¥lueThe cross correl ation between

any two signals isgcal cu)at X | cul ate the co-variance, Sik,
o2l U eyt

bet ween each i nput™pair, =N S X*Xv) - (S XS Xv) Equation 5
N*(N-1) P the exponential filter constant

T, the sample time of the measurement

T the filter time constant

2. A residual 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

tion 4
S/N=0Oy/ Or Equation

[0069] 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

[0070] 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.

2) Cross Correlation Test



2. Calculate the correlation coefficient for each pair of inputs fromthe
covariance: CCk = Sik/(Sii*Skk)1l/2 Equation 6 [0072] There are two

ci rcunst anoeasge/osingssh flag that an input shoul d not be i pchrudeabsioszobhe
nodel . The first circunstance occurs when there is no significant
correlation between a particular input and the rest of the input data set.
For each input, there nust be at |east?20ne other input in the data set with
a significant correlation coefficient, such as 0.4. [0073] The second

ci rcunstance occurs when the sanme input information has been (accidentally)

i ncluded {9a7g. Of TRE cidik QuaR]ATE s Gaheatugé bDthe ifbetativasredutiddoyr et
identifier. Any input pairs that exhibit correlation coefficients near one

(for exampiptaltyet0TH6 crosanbriahalion betsiccneayitwat dignals és caedateidas: whet her
both i nputs should be included in the nodel. If the inputs are physically
i ndependent but logically redundant (i.e., two independent thernocouples

ar e i ndepgnderliénlafeans dbivigianbe, Sabetweacesch inpappaiativie)k t hen bot h t hese
i nputs should be included in the nodel. [0074] If two inputs are

transformati ons of each other (i.e., tenperature and pressure conpensated

temperature) the pgefegengexisxtyo gl neasur ement tEpiatidies oper at or
is familiar with, Uuff e:rr%ﬁ;ﬁsl—%% nitrcantly i nproved crosscorrel ation
bet ween one of these neasure rg s'and the rest of the dataset. Then the one
wi th the higher cross correlation should be included. 3) Identifying &
Handl i ng Saturated Vari abl es [0075] Refining and chem cgl processes often
run agai nt HKzalenlatedths eprretasiont qogi @@M@&ﬂaghﬁalriq{ 13&%3%&%11%%% and
"Bad Val ues" for the nodel inputs. Common constraints are: instrunment
transmtter MWAGAEhd | ow ranges, anal yzer

CCix = Si/(Si*Sw)” Equation 6

[0072] 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.

[0073] 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.

[0074] 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



ranges, maxi mum and m ni mum control val ve positions, and process control
application output limts. Inputs can fall into several categories with
regard t owveavawmidésn whi ch require special handling whercprs2@sosmssi ng t he
i nputs, both for nodel building and for the on-line use of these nodels.
Bad Val ues [0076] For standard analog instrunents (e.g., 4-20 mllianp
electronic transmtters), bad values cap-occur because of two separate
reasons: The actual process condition is outside the range of the field
transmtter The connection with the field has been broken [0077] When

e ther of %(Sljﬂﬁﬁﬁoﬂ’ Bﬁtﬁi{éeh SCBEEe mchSIrBhREASAMCBBIES| ofIMs datsen Ulltbnbe

configured on an | vi dual neasurenent basis to either assign a special

code to t{e otrlwieh iies highat creesurrehiion shouldhbl melwletdnat t he measurenent is
a Bad Value, or to maintain the | ast good val ue of the neasurenment. These
values w |l then propagate throughout any cal cul ati ons perforned on the

process cont f@ln YmbePHM Mol Sifuid@BVagiablsval ue” option has been
configured, this tan |ead to erroneous cal culations that are difficult to

detect and exclude. Typicall ywhen the "Bad Val ue" code i s propagated

through t ste i 0GRl IsedofleR ey aeiintierladdgeasur enent
w il be ft@g}éﬁd bar’%e%élhﬁcﬁd.éﬂfgggg]%&gégﬁasr dloess of agﬂrel option configured on
the proceggpsiaits 9bsudtisd BiathisEviluaeane ' Baddaluds’ dbr theciodel iBputsval ues
shoul d not be included in training or test data sets. The devel oper needs

to identi Cpmwon konsitdints aiasindeamenbmpisgoities high anbloy sneses, AWY4S| syst em
and then configure data filters for excl udi ng .§ang)l es whi ch a el Bad
Val ues. FEMZERASRIMYIRANDFBIEmRIR a@%ﬁﬁ,va Ve pOSIHONS, and process COLLro

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.

Bad Values

[0076] 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

[0077] 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



i nputs nust be pre-processed so that Bad Val ues are flagged as m ssing

val ues, regardl ess of which option had been sel ected on the process control
system [WOB8j6/0Big3se i nputs, which are normally Bad Val petfuseoosnsmosi ve
time periods should be excluded fromthe nodel. Constrained Variabl es

[ 0080] Constrained variables are ones where the nmeasurenent is at sone
limt, and this neasurenent matches anggctual process condition (as opposed
to where the value has defaulted to the maxi mumor mninumlimt of the
transmtter range - covered in the Bad Val ue section). This process

si tuat i on, faR gaCasEd LAl RRER pFGRSARY thidiph hesgsieh, lleannsess are
normal | y 1nactive except under Special override conditions, for exanple
pressure waldiedegehawnt the bad rhéaueemyst eill bdflapgabbadaswaller e t hese override
conditions are active should be excluded fromthe training and validation
data set by setting up data filters. For the on-line inplenentation these
override 1S arReddIRYEHE BEHPtor] EonfitiredBhitke privRsSEsitesl sybtess| ect ed
model statistics The process control systemis designed to drive the
process agwise simppaiass whipeh atdludp BadiVtadyesf shoubkaoteinstusteddn tepeiag| i nits.
These constraints typically fall into two c{ategories: -, those, which are
occasi onabt testdatasatsed herdeviekainss negfls inidgpRDLWRHR ORIALRARREEY. Those

i nputs, which are.ngrmally saturate sho u he nodel .
Those i npf® ,lg%ﬁ&&% %rogéqsyc%)g@jgy%ﬁg} w&gpgﬁgﬁég}?&%? ffel{fggrr% e less than

10% of t h@xélhgﬁ’x)g samples, which are Bad Values. For the on-line implementation,

inputs must be pre-processed so that Bad Values are flagged as missing values,

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

[0079] Those inputs, which are normally Bad Value for extensive time

periods should be excluded from the model.

Constrained Variables

[0080] Constrained variables are ones where the measurement is at some
limit, and this measurement matches an actual process condition (as opposed to
where the value has defaulted to the maximum or minimum limit of the
transmitter range - covered in the Bad Value section). This process situation can

occur for several reasons:

e Portions of the process are normally inactive except under
special override conditions, for example pressure relief flow to
the flare system. Time periods where these override conditions
are active should be excluded from the training and validation
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



can be included in the nodel however, they should be scal ed based on the
time periods when they are not saturated. B. Input from Process Control
Appl i cat iwo006a38BF The process control applications haveTaSy@sp32094
significant effect on the correlation structure of the process data. In
particular: The variation of controlled variables is significantly reduced
so that novenent in the controlled varpables is primarily noi se except for
those brief time periods when the process has been hit with a significant
process disturbance or the operator has intentionally noved the operating
poi nt by changi ng ke J 1} : : | R drPve 1 ontrol |l ed
variables is transf e?fpégﬁtg%s?héntggln%l&gﬁiﬂgé;g%%%ﬁdo@% he ngr%i%lkj}l@%s?ed vari abl es
(ul'timately the signabgin§Eitbcése dpeeatilifnits, fualexampileptddict spdalimits 0082]
The normal operations of refinery and chem cal processes are usually
control l ed by two di Theseoinstippss tyficaldyfalbinte twocaiggesiest+HBogd.assi cal

control cascades (shown in Figure 6) and th re recent. nultivariable
constraint control | emhichvpreocca Yﬁatpfﬂﬁﬁ?énng)th(isf’ gz‘fl%tb?]ieﬁb)rfﬂ?@é{l i nput's

from cascade struct uges %%&?fhgﬁ’i,ﬁ}%@l%cgv&ﬁo@ﬁ% ﬁ?ﬁyﬁig@mfé@&p %ﬁg‘?ﬁ By ocess

control application, SWHF n“contro ructure refining

and cheri calprocessegiuah4 fowg thd #8181 ALpseRPutpayEGhiaat omydel i nputs f rom
y O

such an application, e on nes that are candidates for the nodel are
the raw process neasgceasniAlysabheatddEdr examplededsi then d 0f6 ehthettimey i nal

output to the field valve.
g can be included in the model however, they should be scaled

based on the time periods when they are not saturated.

B. Input from Process Control Applications

[0081] The process control applications have a very significant effect on the

correlation structure of the process data. In particular:

e The variation of controlled variables is significantly reduced so
that movement in the controlled variables is primarily noise
except for those brief time periods when the process has been hit
with a significant process disturbance or the operator has
intentionally moved the operating point by changing key

setpoints.

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

signals sent to the control valves in the field).

[0082] 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).



[0084] Although it is a very inportant neasurenent, the PV of the ultinate
prinmary of the cascade control structure is a poor candidate for inclusion
i n the nowel2oosliBi@smeasur enent usual 'y has very |initedpowusemsisabnce the
obj ective of the control structure is to keep this neasurenent at the
setpoint. There can be novenent in the PV of the ultimate primary if its
setpoint is changed but this usually ig4infrequent. The data patterns from
occasi onal prinmary setpoint nmoves will usually not have sufficient power in
the training dataset for the nodel to characterize the data pattern. [0085]

Because Og)et §é1%cﬂ'h%fnwdylw dtglﬁ%'m@s%@é k#io@réhe data pattern resulting

fromchanges int setp0|nt of the ultimate primary, when the operator
makes this setpoint nove, is likely to cause a significant increase in

the sum ofgqyar edgggfedagwg oG85 3BE g 16 XexRlcohl] ABiRlatigfbnsequent |y,

any chang t he porn t mate primary is a ndi date trigger

for a knWMb}ﬁ*éean\FeeréBﬁ[rﬁéﬁ icBfifrol sthRAEOT Féfniapehdtobentbagecesass. ul t i mat e
primary setpoi nt known event suppression” logic will automatically

remove it Algbhghthdreane hiaaySREcmta] cudde inputs Fams sjictshio appligatiendthee| oper
include the PV of the ultimate primary into the nodel, this neas rerrent

shoul d beoslyzime thaise candidatss foniheapodelfre tg Fayy BTofsss AFA a1

the vl e GRe; RYSRERMuL fuTe) B0 Bl A0 alfbiosuhf RUESESE. (Re Noweer S'o?ﬁ? e

igagg)e E 83; | f Thgcraesg;po:a[\t chgnge is fr ornt 10 Lo 11, when the PV reaches

correl at et0QE4dr exéiﬁipﬁg]@ F@é@e@rgeﬁgag&g%ergﬁgﬁ?%hﬁﬁﬁ%gﬁ&i t@%@ﬁ&%h% th the

PV of t he Ul ta'r%tf fhe cascade control structure is a poor candidate for inclusion in the
model. This measurement usually has very limited movement since the
objective of the control structure is to keep this measurement at the setpoint.
There can be movement in the PV of the ultimate primary if its setpoint is
changed but this usually is infrequent. The data patterns from occasional primary

setpoint moves will usually not have sufficient power in the training dataset for

the model to characterize the data pattern.

[0085] Because of this difficulty in characterizing the data pattern resulting
from changes in the setpoint of the ultimate primary, when the operator makes
this setpoint move, it is likely to cause a significant increase in the sum of
squared prediction error, SPE, index of the model. Consequently, any change in
the setpoint of the ultimate primary is a candidate trigger for a "known event
suppression”. Whenever the operator changes an ultimate primary setpoint, the
"known event suppression” logic will automatically remove its effect from the

SPE calculation.

[0086] Should the developer include the PV of the ultimate primary into the
model, this measurement should be scaled based on those brief time periods
during which the operator has changed the setpoint and until the process has

moved close to the vale of the new setpoint (for example within 95% of the new



Primary, for exanple redundant thernocouples |ocated near a tenperature
measurenment used as a PV for an Utinmate Primary. These redundant

measur emewD06BW3d be treated in the identical manner Poatuse@sobmsen for
the PV of the Utimate Primary. [0088] Cascade structures can have set point
limts on each secondary and can have output limts on the signal to the
field control valve. It is inportant tp5check the status of these
potentially constrained operations to see whether the nmeasurenent
associated with a setpoint has been operated in a constrai ned manner or
whet her t | | I Bt ehdiethe DAt e duri ng

t hese con%??ogbﬂélggn%gpg%]ﬁoéﬁg%%(()ﬂlfﬁé:ﬁﬁg %eﬁaﬁl?gld(.p 2) Selecting / Calculating
Model | npiehshdsr @l tivariable Constraint Controllers, M/CC [0089] Figure
7 shows a typical M/CC process control application, which is a very conmon
control structure for refining and chem cal processes. An MVCC uses a
dynami c n@o@ ti BRES) alk® bBhRésaferieiis ciiange seiystranilpudataked/ari abl es,
Ws, (usu ||3P€a| ﬁegositi%lﬁg or setpoints of reg'uIBQi or jc?ontrol, | oops)

wi | | chander exdthplel greatet diined5 coxelationecaséficinudnwith dxpBVenfithe dltigags sur es,
conpositions and flows which neasure the frocess st at e)[e. An CC attenpts

to push tPemarpdessxappletedsndandhermrocoypiesdoayed ngt 3 leHRFARIE| nits can be
either W limts or CV |limn and &€ | ne nal optim zer.
The nunbefeBFUIPIEH Esetdn%&g? ﬁéfoﬁraé}c@gmggmg' %%%ﬁggdwf be eqﬁal to the

nunber of 0 ' ! i RhRe Aheisiihoken fdiahe Pvber
of materi aﬁnlgga rgﬂlgggs %ﬁg?ﬁ%&d@gﬁ?ﬁ%ﬁlﬁ%@ has 12 I\S/Vs, 30 Cvs and 2

| evel s t hgpiHeN@ltinAePeEmiyl. | be operated against 10 limts. An WCC wil |
al so predict

[0088] Cascade structures can have setpoint 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
measurement associated with a setpoint 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

[0089] Figure 7 shows a typical MVCC process control application, which
is a very common control structure for refining and chemical processes. An
MVCC uses a dynamic mathematical model to predict how changes in
manipulated variables, MVs, (usually valve positions or setpoints of regulatory
control loops) will change control variables, CVs (the dependent temperatures,
pressures, compositions and flows which measure the process state). An MVCC
attempts to push the process operation against operating limits. These limits can
be either MV limits or CV limits and are determined by an external optimizer.
The number of limits that the process operates against will be equal to the

number of MVs the controller is allowed to manipulate minus the number of



the effect of measured | oad di sturbances on the process and conpensate for
t hese | oad di sturbances (known as feedforward variables, FF). [0090]

Whet her owonods/@i63aw MV or CV is a good candi date for i pchustes/oswes he PCA
nodel depends on the percentage of tine that M or CV is held against its
operating limt by the WCC. As discussed in the Constrained Vari abl es
section, raw variables that are constragned nore than 10% of the tine are
poor candidates for inclusion in the PCA nodel. Nornally unconstrai ned

vari abl es shoul d be handl ed per the Constrained Variabl es section

di scussi %atehﬁg’ﬁélﬂan&{s @dhdﬂiféa@f)gﬁm 8V has B2 SEVHOI0C Viseund 2 Reelsat or' y

control |00p, e setpoint shou not be included, instead the neasurenent

of that r@ghkiad protesORill bk operedhguihst Ifelimits| AdedVBevidli ajsapradictt he fiel d
valve fromthat regulatory control |oop should al so _be incl udgd. [0092] If
an unconstheaiffeetiofvicasurad 3oaghdisturbarcesioal the paPass 984 icOMMSDSURAAT these houl d

be included in the nodel. C dypdant . Measur e ts [0093] The process
control shpadgistahanses O%a%ap%wﬂﬁﬁﬁ?l?@ﬁﬁ{%edundancy anong t he
candidate inputs into the PCA nodel. One type of redundancy is "physical
redundancy”, where there are nultiple sensors (such as ther.nogcoupl.es)
| ocat ed i&)O@Dbse pWirethezor pobg raw N Vi o €¥df ao% C%dﬂ‘?ﬂtﬁ?‘i’rﬂé“:&s}fg’e@s
equi pnent ot her e,of redundancy is.."c i .
where r av&@gﬁ‘%r@o‘g‘?’l(gfe ‘P‘ﬂ?e%i SRS 8%%8??‘}3}?%%{]@18\%@%%{ g%pe%g&?,gvg
pressure : s AV qiEBsSed kP CohaulidéeV afinpmsvol unet ric
flow masﬁggﬁéﬁﬁgéﬁ%ﬁ)ggﬁlﬁ%ﬂg(ﬁrﬁ% ralee, both the raw neasurenent and
an i nput yWieh, a5 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.

{0091] If an unconstrained MV is a setpoint to a regulatory control loop, the
setpoint should not be included, instead the measurement of that regulatory
control loop should be included. The signal to the field valve from that

regulatory control loop should also be included.

[0092] If an unconstrained MV is a signal to a field valve position, then it

should be included in the model.

C. Redundant Measurements

[0093] 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).



cal culated fromthat measurenment should not be included in the nodel. The
general preference is to include the version of the measurenent that the
process openradesiéss nost familiar with. The exception tectrhissossabmeis when
the raw inputs nust be mathematically transformed in order to inprove the
correlation structure of the data for the nodel. In that case the
transforned vari abl e shoul d be included7in the nodel but not the raw
measurenent. [0095] Physical redundancy is very inportant for providing
cross validation information in the nodel. As a general rale, raw

measur erregkﬁ whi cQs g g@n%la ﬁil@aﬁ tﬁ@géfWQEéﬁsu%?ﬁéﬁtChnﬁ%ﬂ mphtie@tH R t he
nodel . there are®a Targe nu er of physically redundant neasurenents,
these neagyr@RRA Fomlbht Peaspesieat shoudd abete scladed m theenedal. Them from
overwhel m ng the selection of principle conponents (see the section on
vari abl e gemralngpferéncsosomginde esvassignmid @Mgrem%twé ¢ BFf€Shunber of

t he I t hat I
Wien' i PBSTRIORaS Sk RIS Ao bh ee?a‘i%e%é@wétﬁéﬁw s P he R undant
measur ement s bﬁ%’gﬂa | n %th aﬁ]&%&s?&&ﬁfd Bt &Ry @@ Og,reltggc godlstruefuré he

candi dat e™" asurenent pairs wt a very high crosscorrelation

(for exa”Bfﬁle iiflfor tﬁé}n&i&umt}%ch@ﬂl‘élte’&iﬁlfd)ﬂn@(‘@aﬁeﬂﬂﬂshmldlbasa fy each
pair as elther physically redundant or calculationally redundant. 111.

Hi st ori caindiededl iGahé exddedbuf AOQTP rawsheasuféwent effort in the devel opnment
lies in creating a good training data set, which is knowmn to contain all

nodes of nornal process operations. This data set shoul d: [ 0098] Span the

nor mal opEEGYSINg I EREE:al PedaiRingy iswérghingmatans fied propading 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 so as to prevent them from overwhelming the selection of
principle components (see the section on variable scaling). A common process
example occurs from the large number of thermocouples that are placed in

reactors to catch reactor runaways.

[0096] When mining a very laige 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

[0097] 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:



of the operating range, are conposed nostly of noise. The range of the data
conpared to the range of the data during steady state operations is a good
i ndi cat i omoahod/d3essgual ity of the information in the dat ae®tus2¢08088p4 | ncl ude
all normal operating nodes (including seasonal node variations). Each
operating node may have different correlation structures. Unless the
patterns, which characterize the operapgng node, are captured by the nodel,
t hese unnodel ed operating nodes will appear as abnornal operations. [00100]
Only include normal operating data: If strong abnornmal operating data is

| nel uded {qhgghe. T Qb obbRuiRYUhg¥! | Datisslsabmiiysprmdatall paree

abnormal opérations as nornmal operatrons. Consequently, when the nodel is

| ater conpgfiRh tﬂf%ﬁh@@,rﬂ@coﬁwwﬂirmmlyi ¢f moiye. NBhe ctgeatf thtndatabnor mal ity
operations. [00101] H story should be as sim|lar as possible to the data
used in t bempared tortke sangeafithd dataohiringestegdst saioPParaBRNsSHs 38Wdng spot

val ues at a _frequency fast enough.to detect. the ahnornmal event. For
cont i nuouglql%%tl(m?é ﬁﬂHaﬁ?Ye‘Pﬁltg‘ﬁﬁn Pdﬂé‘hq H?tés anpl ing frequency will be
around one mnute. Wthin the limtations of the data historian, the

training data should be as equivalent to onemi nzlicg spot vagues as possi bl e.
[00102] THM9r at elpelitdsralinornelorpesating inades { BicHBrg SEFORIMOGRg oper at i ng

hi story (usually.in, the range of ,9 nonths t. ) y to renove

those ti rrié“’ﬁ@??%ﬂsrﬁﬁcpt‘?p& odf M ncilgfg%e t%@ﬁtﬁa BVER Eh y using

such a lo ' Lad, RSz AR UPERALIRYVRIBHS, Melchpfi@éd BpEear with

suffici en?ﬂlslégrsgﬁ% ﬁ{térﬁgtﬁg{&?lr al mdﬁgﬁ%ﬁ?’a et %I?/si gni fi caﬁt |y igfl uence the
model, these unmodeled operating modes will appear as abnormal operations.

[00100}  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.

[00101] 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
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.

[00102]  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,



nodel paranmeters nost operating nodes should have occurred and will be
represented in the data. A Hi storical Data Collection Issues 1) Data
Conpr essiwo 2p@0bd3F Many hi storical databases use data eompse®sios1nod o
mnimze the storage requirenments for the data. Unfortunately, this
practice can disrupt the correlation structure of the data. At the

begi nning of the project the data conppgssion of the database should be
turned off and the spot values of the data historized. Final nodels should
be built using unconpressed data whenever possible. Averaged val ues shoul d

not be used unless,they ar %%%52109@%%%@%@%?’5@?%@” AR shffResM t h the

shortest data average aval engt Hi story [00104] For the
model to properly repigs&aftinttherARiN®Uafr RE essightfidaatlydnflubrecetthai ni ng dat a
set needs to have exanples of all the normal operating nodes, nornal
operating changes andnadehipgesnetexs nor mal mni nor di sturbances that the
process experiences. This is acconplished by using data fromover a | ong

peri od of process operations (e.g. 9 - 1 nths). In rticular, the
di ff erences anong Semﬁﬁpe@@@géﬂpéﬁ"&s@g‘?ﬁﬁo %Ip‘f‘é{m 8%md winter) can

be very significant with r«%f&ne&lyn(%trt\d chem cal processes.[00105] Soneti nmes
these 1ong stretches o™ C o ET a‘yet available (e.g. after a turnaround
or other significant reconfiguration of the process equipnment). In these
cases the nodel would st(ﬁrt vv,ithléa short initial set of training data (e.g.
6 weeks) BhehlisteaicelBak (elleriionslssuess expanded as further data is coll ected
and the

1) Data Compression

[00103] 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

[00104]  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
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.



nodel updated nonthly until the nodels are stabilized (e.g. the nodel
coefficients don't change with the addition of new data) 3) Ancillary

Hi st ori cavoDadea3id38106] The vari ous operating journal s fPomr/ushis/osione peri od
shoul d al so be collected. This will be used to designate operating tine
periods as abnormal, or operating in sone special node that needs to be
excluded fromthe training dataset. |n3garticular, inmportant historical
abnornmal events can be selected fromthese |logs to act as test cases for
the nodels. 4) Lack of Specific Measurenent History [00107] Oten setpoints
and contr out : i i ] g3cdat a

hi st ori an.ﬂidll!;ﬁgl orig%ﬂlié%%%gltﬁgghé@eg5‘%‘?8%?%%%%5% %tggg?gﬁbgg%n at the
start of & PrRhAGINnd?Y oBRETsadrifigattrdesnfifiaa8h oOtlte pitcess drptipment)onger
properly represents the current process operations shoul d be renoved from
t he trai nimthesatases ¢he maidebwoaldrstatrwith @éggg insinl setcol traping ¢afa ($-8i ni ng

dat d PCA nodel d to be rebuil tch, | icul
Lype of opsteskRbiendi gansRgeausel gxasmed & toriar Qo o ndedapRIH' o

houl d b f inj 100409 jng | houl d
s R e e S

modes. Th ' f CHRGRSVRYhE £1HIiHE oF @PW @it®) nodel s. Where the nodel
is intendgg&{fgi%lggg@s%veral oper ati ng nodes, the) nunber of sanples in the

training dataset from each operating nodel should be approxi mately

equi val eng) N ARIR R RA Pata

[00106] 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

[00107]  Often setpoints 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

[00108] 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.



[ 00110] The devel oper shoul d gather several nonths of process data using
the site's process historian, preferably getting one m nute spot values. If
this is rnwbDes6aiskaabl e, the highest resolution data, witlircthms2608@siooanount
of averagi ng should be used. 7) Infrequently Sanpled Measurenents [00111]
Qual ity neasurenents (analyzers and | ab sanpl es) have a nuch sl ower sanple
frequency than other process neasurenepgis, ranging fromtens of mnutes to
daily. In order to include these neasurenents in the nodel a continuous
estimate of these quality neasurenents needs to be constructed. Figure 8
shows t he ofe at i LD HPUR: i tdatewad Bis sane
nodel str dc?{ibrbg srcgh%hgglg eg{oélgdgg(?%%&ppl i egﬁf%@ﬁgtﬁfgtori cal data. This
qual ity egiddFeliffefdhebpbecagatoddse Thsatiffatent ttvdeP@aynmedeire separutsdel
Triggered Data Annotation Eglﬁ] Except for very obvious abnormalities,
the qual i mpdels. Whersr the ahodel isintendad toi cayer seeTalnerainemonks tec| usi on of

abnormal operatipng data.can bi.as the el . The strate f I | ar ge
quant i t i eBUBPSHRlTAsRpIES In ﬁ&t%ﬂ%ﬂg 3%6‘%% fac BP%fBﬁng%%‘f%éﬂé‘h@g"ﬁode| bi as
caused by_abnor nal -atql in the training data set. The nodel built from
hi st ori ca?pgfg%(gn”%ﬁla}?@ﬁlg%lgﬁgs the start of the projectnust be regarded with
suspicion as to its quality. The initial training dataset should be

repl aced &tg a ﬁatiﬁﬁt’ whi ch contains high quality annotations of the
process cbBndi - ch occur during the project life. [00113] The nodel
devel opment strategy is to start wth an initial "rough" nodel (the
consequence of _a able tr dat a .se n use the nmodel to

uesti o | ni t).th
trigger tHWOIGH he?ﬂh@d@)‘ff’q%@ﬁ %‘I‘i’“&ij&ff‘%gﬂlsqvﬁﬁlﬁ?ﬁ)@haﬁ RTQeEss dad Y2 el i s
used 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

[00111] 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

[00112]  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



to nmonitor the process, annotations and data will be gathered on normal
operations, special operations, and abnormal operations. Anytine the nodel
fl ags an wbnossnshe3sperati on or an abnormal event is m seed/Usyodshsnndel ,

t he cause and duration of the event is annotated. In this way feedback on
the nodel's ability to nonitor the process operation can be incorporated in
the training data. This data is then uged to inprove the nodel, which is
then used to continue to gather better quality training data. This process
is repeated until the nodel is satisfactory. IV. Data & Process Analysis A
Initial RaghpDaESarAORNE SushREd 43 tdeé galitye THREnAIAINGIhGgIatndt exani ni ng
the process key performance I ndicators, the historical data is divided into
peri ods wshduldbewephbadwiti a dpeset indiich eordaine tighl qualityrametatimstaf thed
abnornmal operations. The data W|th no |dent|f| ]g?abnor mal operations wl|
be the trﬁmﬂeﬂgc@ﬁlﬁogétWthbM%'] W ey i -ement needs to be exani ned
over its history to see whether it is a candl date for the training data
set. Measurenents which should be excluded are: Those with many |ong

peri ods of00113 asThembdehdaeelopmesestritesy inioystiud vt an sl d’pughrre pegged
to their transmtter high or lowlim show lLittle

vari abi | i W%f@éﬁpnﬁ%’@@ce\Wlﬁ?(ﬂﬁleétﬂ‘é“aﬁ’iﬁﬁﬂrgln%sﬂ rSGBIr}QanPée dglet poi nt s)
Those that &ﬁ%gée RO USthYriRH QY ALY qhffi P RdeARith sty AehBthyfe1iOuldei 1

operating'?
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.

IV. Data & Process Analysis

A. Initial Rough Data Analysis

[00114]  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.

[00115] 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:

e Those with many long periods of time as "Bad Value"



Those that show little or no cross correlation with any other neasurenents
in the data set Those with poor signal to noise ratios [00116] Wile

exam ni ngvoheoaBias t hose tine periods where neasur enensTaseosnsmbd y
indicating "Bad Value" or are briefly pegged to their transmtter high or
low [imts should al so be excluded. [00117] Once these exclusions have been
made the first rough PCA nodel shoul d $g_-built. Since this is going to be a
very rough nodel the exact nunber of principal conponents to be retained is
not inportant. This will typically be around 5% of the nunber neasurenents

included in the ”Qdeﬁpp#h%@% l(g{g gﬁ(%o\k%\r}gﬁhﬁ%?gé%m%ﬁmﬁﬁ&ae nunber

of degrees of freedo cess, s not usually known
since this includes ﬁ#ﬂ“hhg“gﬁﬁﬁ@rent sources of process disturbances.
There are several standard methods for determ ning how many princi pal
conponents to include. Also at this stage the statistical approach to

variabl e scal i ng shoghdshayvhisRdhoworre ligdlé vaaabitiy except those, whicharce. X =
(X - Xavg) / s Equation[00118] The training data set should now be ran

t hrough this prelin tighsly codeblledto themt setgointsye peri ods where the data does
not match the nodel. These tine periods should be exam ned to see whet her

an abnormal event wag,occyrring.at the tine LS k1S 12k be the
case, then these t% meDg&s H@ﬁg(”g%‘ﬁﬂ%lﬂ%?]%%wﬁ’gr# Iaéggg%n%@hﬁ]ﬁ%gﬁjvvé @h known
abnormal events occuty . j peri ods shoul d be excluded fromthe
training data set anygétlﬂgpﬁngﬁgg??ﬁegoegﬁt with the nodified data. B. Renobving

Qutliers and Periods of Abnormal QOperations ) i
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

[00116] 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.

[00117] Once these exclusions have been made the first rough PCA model
should be built. Since this is going to be a very rough model the exact number
of principal components to be retained is not important. This will typically be
around 5% of the number measurements included in the model. The number of
PCs should ultimately match the number of degrees of freedom in the process,
however this is not usually known since this includes all the different sources of
process disturbances. There are several standard methods for determining how
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 - Xue)/ O Equation 7



[00119] Elim nating obvious abnormal events will be done through the
follow ng: [00120] Renoving docunented events. It is very rare to have a
conpl et e weossh3ndzst he abnormal event history at a siteprcCiHase008032094
significant operating problenms should be docunented in operating records
such as operator |ogs, operator change journals, alarmjournals, and

i nstrunment nmai ntenance records. These aB4-only providing a partial record
of the abnornmal event history. [00121] Renoving time periods where key
performance indicators, KPls, are abnormal. Such neasurenents as feed
rates, prd@®0di8} at ekhe painthgdatqset stopldnewcssmmnthkeyglpid pretimmasry

I ndi cators. Each process operation may have additional KPIs that are

speci fic t@odeldojdentifytimepgriodk afrher@{hediat@)fiown@t mpfghtthe medel ofThese
measurenents w|.l ugHal Igyeg ive .a Cgtq?ar igd' catiog of periods of abnornal
oper at i ons REPTPS 8hay] BTG 360 BRSOk A0RPHRY QVRBL WA at i ng goal
for this | LR Z$8f thig istil@o Py 134 § I I Pl is |ow
are likel ;E% acgﬁlgrrl%gﬁ ﬂ%gie@%t iffoﬂrlllgs‘. 1Slé‘{rig‘% ess %Jgﬂ%ﬁa?g’sthg‘gzh%@?{eﬁﬁe P%lé&g;si est
KPl's to arloykdalsd bedldgyedptiniesivith&hatinodbrictmalaiégt odcgpegl fTieaei on
limt and they are |ess sensitive to normal feed rate variations.C
Conpensat i thge periots skeulfldear]uded fnomghe inaining dats st aind ghe modekreabiugh
frequency content of .t measur enent signal which does not contain useful

i nf or mat i off! %quﬁfée‘g&%t@ess. Noi se 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,

si gni fi car. pRemeyngQntliens pnd Peripds ahAbnormak@perationscess di st ur bances is
useful information and should not be filtered out.

[00119] Eliminating obvious abnormal events will be done through the

following:

[00120]  Removing documented eve)zts. It is very rare to have a complete
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.

[00121]  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, thé 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.



[00123} There are two primary noise types encountered in refining and

chem cal process neasurenents: neasurenent spi kes and exponentially

corr el at eslooswasngsous noi se. Wt h neasurenent spikes, tipeTaisgevalosjoasps by
an unreasonably | arge anount for a short nunber of sanples before returning
to a value near its previous value. Noise spikes are renmoved using a
traditional spike rejection filter sucgsas the Union filter. [00124] The
anount of noise in the signal can be quantified by a neasure known as the
signal to noise ratio (see Figure 10). This is defined as the ratio of the

anount OfC,Sigﬂ'}!pe}@z{}i}%ﬁo&ﬁ\?éﬁsgue to process variation to the amunt of
signal vari L . frequency noise. A value below four is a
typical value for indicating that the signal has substantial noise, and can
har m t he [00d22] s &8y aoisewemareyefqriog 26 the/hiehdyequengy coBiraf BJEQW encounters a

signal with significant, npjse, he needs.to e .one .of hoi .

1(:)[1 der of Wﬁ@?@ﬁ@@lﬁlﬂe‘gﬁlcﬁ‘r@es nef ORI g?%ﬁgnf%?n?’tg%é/%gm%emsgﬁ?ce (r)]f
e noise (the i r i ilteri
teohni queBoERE (90 °p AN S shur DA PR Fob NSt AL0R Bl nal o
Wi th si gnghwt frOQ Sforiftd PRtd6t WEBMleRcaiititd, levdle Noipenambe ahliseddnyr r el at ed
conti nuous nol se can be renoved with a traditional |ow pass filter such as

anYi){ pﬂleﬂ%b‘@icai irlduetanc@h &lcavpier; sigsificont prosesscysiediliiyaperiaps eausgfle: yn= P
* A |-P) * Xp Exponential filt i i T -
(L) ey Exponential 1 ter, couat i on, EQuatl 90 8,2 P /T 1)

Fil ter cobyptoresgdl angesrs pgefa ifprmation and should n
[00123]  There are two primary noise types encountered in refining and
chemical process measurements: measurement spikes and exponentially
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

rejection filter such as the Union filter.

[00124] 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.

[00125] Whenever the developer encounters a signal with significant noise,

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

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

answer)

e Remove / minimize the noise through filtering techniques



Yn is the current filtered value Y nis the previous filtered value Xn is
the current raw value P is the exponential filter constant Ts is the sanple
time of twe wwmaswssnment Tf is the filter tine constant [PpO@ARZjosSsmpal s with
very poor signal to noise ratios (for exanple less than 2) may not be
sufficiently inproved by filtering techniques to be directly included in
the nodel. If the input is regarded as3gnportant, the scaling of the

vari abl e should be set to de-sensitize the nodel by significantly

i ncreasing the size of the scaling factor (typically by a factor in the

range of 2 - 10). D. E@@g@éﬂ@g%ﬂ@f&ﬁ%@ﬁw@plw] Transformed vari abl es

shoul d be included i or two different reasons. [00129] First,
based on an engi neering analysis of the specific equi pment and process
chem stry[00d26In Hﬁyﬁ)ﬂchﬂyimi sipnalsiwith kignpl oaesise sttims|etween 2 anddotheed and
included in the nodel. Since one of the assunptions of PCA s t %t

t hevar i abkesporentinHy covglated centinuugmojsecesiy g %ﬁr@@Yedswghiaftr%déﬂwgr 8Wess or

equi prent non:lineajities will br d this caorrel ation structure and
show up aBass [l SHCh &S aprqgf,ﬂopﬁ%th}&ﬁgqr-_ ﬂ/f\? Fgu%‘qqsoff?f ﬁ%ec?xgqunhélgkg]}t% range of
t he nodel 6[,00130] Exanpl es of well known non-linear transforns are:

Ref | ux toaﬁéed ratio in distillation colums Log of conposition in high
purity.distillation Pressure conpensated tenperature measurenent

Y?=P* Y*!'4(1-P) * X"  Exponential filter equation Equation 8

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

Y"is the current filtered value

Y™ is the previous filtered value

X" is the current raw value

P is the exponential filter constant

T, is the sample time of the measurement

Tris the filter time constant

[00127]  Signals with very poor signal to noise ratios (for example less than
2) may not be sufficiently improved by filtering techniques to be directly
included in the model. 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

[00128]  Transformed variables should be included in the model for two

different reasons.

[00129]  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



Sidestreamyield Flowto valve position (Figure 2) Reaction rate to
exponential tenperature change [00131] Second, the data from process

pr obl enms,wothrasmsinagse occurred historically, should al soprboe/usz@siosmds t 0
under stand how t hese probl ens show up in the process neasurenents. For
exanple, the relationship between tower delta pressure and feedrate is
relatively linear until the flooding peBht is reached, when the delta
pressure will increase exponentially. Since tower flooding is picked up by
the break in this linear correlation, both delta pressure and feed rate
shoul d be varddblebeid. thédsnaded ahelineachnpdreclateall significanlt progaso bl eqwipasmt of t en be
seen in the delta pressures in the transfer line. So instead of including

t he absol usen-finexdtigsevitbbreak slopvn this ponrelatign gencturdand ehew uprasssur es shoul d

be cal cul ated and.included. E. nam ¢. Tr ansf oy yati ons .[,0013 Figure 11
shows how $e¥a2teTbfreu thgmadsle T @W@ﬁ%bﬁ"%%@gg&apg?&f |[dbenmr9 heen the
current values of two neasurenents. During thetransition tine one value is
constantly chan?in while the other is not, so there is no correlation

ent

bet ween t hi®0d3P xeanples of welldgnavie ner-dinenk rapsfopBsaiesr t hese two
measur enents can be brought back into tinme synchronization by transform ng

the | eading variable using a_dypamc transfer fynction. Usually a first
order wth deadti me d?\ﬁﬂfﬁiéo a"@slﬁcf{hﬁﬁi lofchifﬁ‘le’éi‘ﬁ 9 in the Lapl ace

transformformat) is sufficient to time synchronize the data. Y (s) =e " Q
S Y(s) Equation 9 T, ST$cbf 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

[00131] Second, the data from process problems, which have occurred
historically, should also be examined to understand how these problems show up
in the process measurements. For example, the relationship between tower delta
pressure and feedrate is relatively linear until the flooding point is reached, when
the delta pressure will increase exponentially. Since tower flooding is picked up
by the break in this linear correlation, both delta pressure and feed rate should be
included. As another example, catalyst flow problems can often be seen in the
delta pressures in the transfer line. So instead of including the absolute pressure
measurements in the model, the delta pressures should be calculated and

included.

E. Dynamic Transformations

[00132] Figure 11 shows how the process dynamics can disrupt the

correlation between the current values of two measurements. During the



Y - raw data Y - time synchronized data T - tine constant Q - deadtine S -
Lapl ace Transform paraneter [00133] This technique is only needed when

t here i s wou@niziéssant dynam c separati on between vari alpceasoesdsions t he
nodel. Usually only 1-2% of the variables requires this treatnment. This
will be true for those independent variables such as setpoints which are
often changed in |arge steps by the opggator and for the neasurenents which
are significantly upstreamof the nmain process units being nodel ed. F.
Renovi ng Average Operating Point [00134] Continuous refining and chem cal

br 0cesses, MSGP IRl YaRerdSodtRRr) (HARMIhARTAbIRY iPRON o ierafot her

These can bée i ona ere the-operator or an optim zation program

makes chapgesrrbRtion bRvest Beidirfent oaluch dyringthbeansitiono Bdwevertheses s
changes such as heat exchanger fouling or catal yst deactivation.

Consequentwy meaberenmntsicensbe braught back inse imye syHshEQUEHIMMPY ng poi nt changes
need to be renoved to create a stationa

dat t. her.wi th h
er r oneousirgngppaing the leading yaralgdising a %@ﬂ’%ﬁatsr%ﬁéergu@gé\é\ﬁg‘s %&§ﬁ§ gm(; n? rs]ggfe
t f d,.to,deviation. i : Fatl.on: f i
oper at | norsRaet W ety ARRES modRH Ml EMIIPH B BUIAGAD o

s requi T e BAR GAAR inCufichiTRg Ehte dpichrfinge T daxent detection. This is
tracting t

done by su e exponentially filtered value (see Equations 8 and 9
for exponential filter equations) of a neasurenent fromits

Y= e ° S Y(s) Equation 9
Ts+1

Y - raw data

Y’ - time synchronized data
T - time constant

@ - deadtime

S - Laplace Transform parameter

[00133]  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
variables such as setpoints 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

[00134] 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 setpoints, or they
can be due to slow process changes such as heat exchanger fouling or catalyst

deactivation. Consequently, the raw data is not stationary. These operating point



raw val ue and using this difference in the nodel. X' = X - Xfiitered
Equation 10 X - neasurenent transfornmed to renove operating point changes
X - origiweloscsieeasur emrent Xfiitered - exponential |y frirtuseed/oszva

measur enent [00136] The tinme constant for the exponential filter should be
about the sane size as the mgjor tine constant of the process. Oten a tine
constant of around 40 mnutes will be_gdequate. The consequence of this
transformation is that the inputs to the PCA nodel are a neasurenent of the
recent change of the process fromthe noving average operating point.

[00137] 1 pngy. E51eé&’tcf‘gé"?érﬁ&%d’too@réﬁ&rd@thﬂbﬁax&rcﬁﬂﬁéﬁr%ef\bﬁetﬂﬁés@ shoul d be

gat hered at tthe sanp requency that matcheS the on-line system often

every m nghghges efrdatetisly hppsarvisldbnoesul ¢vemts.col | ecting 525, 600 sanpl es for
each neasurenent to cover one year of operating data. Once this
transformati on has been cal cul ated, the dataset is resanpled to get down to

a nore nangESah! e THEBRIces! meatibatentd Meithalsiotned ol viaigevaiabls: 000 to
50, 000 sanpl es:V. Mddel Creation [00138] Once the specific neasurenents

have beendewhtioh étbmadnoviagtavaiagerapedating peint.hkgs breasfopmation t@ kanawvelel can

be built g;l ckly using standard tools. A  Scalin d\ﬂhbdel kn ut 00139] The

per Ij or manthe VferFESOPRIAENE PPELL defsaNsH Wi ?I}%U%%g hgasiels az’ﬂbﬂ?é The

traditional approach .scaling is.to divi i . | t ard

devi at i on?V?f%,doeW 000 A HES ¢ Sﬁﬁul%}]échméetﬁs e%ﬁ‘c_?&n;ﬁ@ 'ffﬂ?éfesz& .R’a]é%u(g&ljon 11
Equations 8 and 9 for exponential filter equations) of'a measurement from its

raw value and using this difference in the model.

X=X- Xﬁltered Equation 10

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

Xsiterea - €xponentially filtered raw measurement

[00136]  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.

[00137] 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.



[ 00140] For input sets that contain a | arge nunber of nearly identical
measurenments (such as nultiple tenperature neasurenents of fixed catal yst
react or bwopodidsiasapproach is nodified to further divi g#eTtuseooseazmus enent
by the square root of the nunber of nearly identical neasurenents. For
redundant data groups Xi' = Xj/ (sj sqrt(N) ) Equation 12 Were N = nunber
of inputs in redundant data group [00143] These traditional approaches can
be i nappropriate for nmeasurenents from continuous refining and chem cal
processes. Because the process is usually well controlled at specified
operati nngo'Ml(gdsel dhg;sata distribution is a conbination of data from
steady state~operatrons and data from "di sturbed" and operating point
change operations. These data will have overly small standard devi ations

f th d f d i T . +4,8gPCA
rodel i 1 [DGERTCCOBRE R srEb R B hp ReRRY e Ren SELLAR BETAAREIT e
process ”H%%%?H’Eﬁ”’l?éen HARLARIMbE] @AM TR UfiEle Y ueindGstamthrd hests cal

sSca

processes, the I ng should be based on the degree of variability that
occurs during normal process di sturbances or during operating point changes

not on th dggé 2 R’&O#ﬂlﬂl%ﬁgl ity that occurs during continuous steady state
oper ati ons’ 1 onstrai ned vari ables, there are two different
ways of determining the scaling factor. [00143] First is to identify tine
peri ods he ocess was n nni Hafe @l so not
exper i en\(,:vf(f@%g si gﬂl‘f” Pgéﬁpn%ﬁ?o&r‘r%(?ge@gﬁ%s "i‘%dﬁﬁ% é&ﬁl&lﬁﬁésécraﬁg% Easur ement s
act as the key THELSARIR AhpohEREY scllilds to divide each input by its standard

deviation, G, within the training data set.

X;=X;/ C; Equation 11

[00140]  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{ = Xi/ (Ci* sqrt(N) ) Equation 12

Where N = number of inputs in redundant data group

[00141]  These traditional approaches can be inappropriate for measurements
from continuous refining and chemical processes. Because the process is usually
well controlled at specified operating points, the data distribution is a
combination of data from steady state operations and data from "disturbed" and
operating point change operations. These data will have overly small standard

deviations from the preponderance of steady state operation data. The resulting



operations. These are typically the process key performance indicators and
usual Iy include the process feed rate, the product production rates and the
product owel2ndep3icBeese key nmeasures are used to segnent pCase@smadobons i nto
periods of normal steady state operations, normally disturbed operations,
and abnormal operations. The standard deviation fromthe tinme periods of
normal |y di sturbed operations provi des-4dlgood scaling factor for nost of

t he neasurenents. [00144] An alternative approach to explicitly calculating
the scaling based on disturbed operations is to use the entire training

data set aBCAombdebwillbe escassively §aitdre amdlet@podexitedt eidtibys irodki ng at
the data distribuion outside of 3 standard devi ations fromthe nean. For

exanpl e, 9@ogessghecaweegnts. should lie, within 3 standard devi ations of the
mean and that 99.99% of the data should lie, within 4 standard devi ations
of the mean. The span of data val ues between 99. 7% and 99.99% from t he nean
can act as[08d42bpr Forrmntianoborefiting ahdohanitat pvocessasn thef scaliag ‘sHowidur bed”
data in the data set. See Figure 12.[00145] Finally, if a measurenment is
of t en consks based @ Dedlegrre of wriabiliyrihafrocsarydurieg noEmplposess onl y t hose

i i h ariabl e. i trai d should b 1.
cal oul at | rUSERBTEES R0 AP B PRI g PAISCEa ees RBT SR IR Hegtpe ot SRIARBEe ect i ng
the Numberg,of %‘F&Mﬁhﬂﬁg c%m&grgtga f&&%glﬁeﬁ’%ﬁsr g I he actual

process variables into“a set o pen t variables called Principal

Conponent sunddastriithiedvasiables| thess areawidl difickitsvafs dfhitarmiginadhe wasligb! es
(Equation 13). PG = Au * X1+ Ai 2 * X2+ Ai 3* X3+ . . . Equation 13

[00147] Thecirocess will have a nunber of degrees of freedom which

[00143]  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.

[00144]  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 should lie,
within 4 standard deviations of the mean. The span of data values between
99.7% and 99.99% from the mean can act as an approximation for the standard

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



represent the specific independent effects that influence the process.
These different independent effects show up in the process data as process
vari at i onrwoRn@zBssssvari ati on can be due to intentional ebangessosweh as
feed rate changes, or unintentional disturbances, such as anbi ent
tenperature variation. [00148] Each princi pal conponent nodels a part of
the process variability caused by these42lifferent independent influences on
the process. The principal conmponents are extracted in the direction of
decreasing variation in the data set, with each subsequent principa
conponent [99¥45] ng Higslsy,and m@%ﬁr@ﬁeﬂtheoﬁé@@eﬁﬁraiﬁéd edekelthé Wiscbsgon bhcant
princi pal conmponents represent a significant source of process variation,
for exanplsaturhtedfvarsibles) ionty ﬁmlse tiomppereots wheralthg vadpbledse nheonstrainsfdf ect of
feed rate changes since th| uaII e squrce of the | st process
changes. Ahogighe pegchor C@H%l dﬁﬂiaeﬂeepa@s éﬁtwaﬁpgg&telp

vari ation nodel ed by the pr|nC|paI conponents no | onger represents an

i ndependent source of process variation.[00149] The engi neering approach to
sel ecti ng BheSaectregtherNuber of Ppncipel famposepisnents is to stop when the
groups of variables, which are the primary contributors to the principal
conponent no | onger make engineering sense. The prinary cause of the

I d d fied k h
oot 11 o er00Esef’) PR s b arfil PRt BRI HPSAREaf et oadi ngs)
Those coefif,heh&hikhs véﬁ%lﬂ@ @élfecfﬁllﬁélheéﬂe@éfm aﬁ&ﬂs'pcnﬁawweqmeafe the maj or

contributors to a parti cu ar PC. Soheone a ‘'good understandi ng of the

process shauhisinbgomddftheriginkl airiables (@qou@omﬂB)/arl abl es, which are the
maj or contributors to a PC and assign a nane (e.g. feed rate effect) to
that PC. As nore and nore PCs are extracted fromthe data, the coefficients

become more  PCi=A; *Xj+A 2 *Xo+ A3 *Xs+. .. Equation 13

- [00147]  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.

[00148]  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.



equal in size. At this point the variation being nodeled by a particular PC
Is primarily noise. [00150] The traditional statistical nethod for

det er mi niwg 20éva31438e PC i s just nodeling noise is to ideatiUsygoosinsnes he
process variation being nodel ed with each new PC becones constant. This is
nmeasured by the PRESS statistic, which plots the anmount of variation

nodel ed by each successive PC (Figure -18)- Unfortunately this test is often
anbi guous for PCA nodel s devel oped on refining and chem cal processes. VI.
Model Testing & Tuning [00151] The process data will not have a gaussian or

normal di Y1491 i OTheCRRSRRVRBtdPYroddheostRRbiap dhs tatrbatmgabertdt hod of
setting the trigger for detecting an abnormal event at 3 standard

devi at i ongrofcipdleoapomentsds itols@ip whauthd grotpbef uaseahles,wshichdre e t ri gger
poi nt needs to be set enpirical|y. based on experience with using the nodel.
[00152] | rrERany SPIERRULOFS Wyidle pringinal SABINCACHENR Mngeh miakGeORIRSTRE  ovent s

ld b ' I t. t t tQ . | t ' il ly 5
o v S s T R AR By M A R, -
for the traini dat t.(this | | f d.t h tatisti
o s S G e Sl AL 3R DS AL S b A TS s
e R sl AR ks e Bl bR

reeds o SERRISRER B AR RE S TR PR SR sk By
potential RORASIRRY skl ¥l e td 10RKERMERIup 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.

[00150]  The traditional statistical method for determining when the PC is just
modeling noise is to identify when the process variation being modeled with
each new PC becomes constant. This is measured by the PRESS statistic, which
plots the amount of variation modeled by each successive PC (Figure 13).
Unfortunately this test is often ambiguous for PCA models developed on

refining and chemical processes.

VI. Model Testing & Tuning

[00151]  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.

[00152] 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



shoul d investigate and classify the process situation. The engi neer wl|
find three different situations, either sonme special process operation is
occur ri ngvoanoeasiasal abnornmal situation is occurring, OPCrhS20508®985 iS
normal and it is a false indication. [00154] The new training data set is
made up of data from special operations and normal operations. The sane
anal yses as were done to create the ini#dal nodel need to be perforned on

t he dat a,
| ever wil

and the nodel re-calculated. Wth this new nodel the trigger
| still be set enpirically, but now with better annotated data,

this tri ggeachptiynThisacandee deteatined tgslobRingndiythgSPE, amatistidifoathearaindhgn a

true abno
EVENT DET
t he proce
nmeasur ene

rmal event has occurred. SIMPLE ENG NEERI NG MODELS FOR ABNORMAL
Edate ont (tioie 15 8lso Tekeriskhyteias she Ehstaiislic gr theddM@Phatatisae). ddys gn of

e S BB ngf el Sbaoiaie EplsORil bl Pt dintiihy afse Bl ¢ om

conti nuous j.0d them G processes. This redundancy is called
L B

physi cal

naancy Ical measurenents are present, and

cal cul ati onal redundancy when thephysical, chem cal, or nechani cal
hi,ps-are used to performindependent but equival ent estimtes of
process coftdi M&E—M—Mﬂ O of nodel is called an engi neering redundancy

relati ons
nodel . |

filtered

Two Di mensi onal Engi neeri ng Redundancy Mddel s [00156] This is

e 5 B!y 0 5G5S Ay AT .

) + filte

r&‘éa@ﬁgﬁ n@v@@ﬁhﬂ{goﬂatg ls@s 'l"higqé’ﬂﬁﬁ@ﬂy %@ing 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.

[00154]  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

[00155]  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

a

+



= error i filtered bias = filtered bias _i + N *raw bias _ Equation 16 N -
convergence factor ( e.g. .0001 ) Normal operating range: xmn < x < Xnmax
Nor mal nowlel2oabsiasi on: - (nmax_error) < error < (nmax_err eCx/yse@sm3josdhe
"operator bias" termis updated whenever the operator determ nes that there
has been sone field event (e.g. opening a bypass flow) which requires the
nodel to be shifted. On the operator's-4»Amand, the operator bias termis
updated so that Equation 14 is exactly satisfied (error = 0) [00158] The
"filtered bias" termupdates continuously to account for persistent
unmeasur ephysRegshealiedlgesmebhdnibalasldtivaskipgianeasdde peefbradaniependde! . The
convergence factor, "N', is set to elimnate any persistent change after a
user spemHut@qutVIalmﬁ pehmatbs af supriocgssarondifgon. i Trhas skaas ef nfodghisscalled@ns9] The
"normal operatin and t "norrmal nodel deviation" are determ ned
fromthe HE gﬂeagﬂ%ﬁpﬁﬁn? - engi neering redundancy nodel. |nnobst cases
the max_error value is a single value, however this can also be a vector of
val ues that is decendent on the X aX|s Iocatlon 00160] Any two
di mensi ondk 9 : - caingH hModedhner. Material bal ances,
ener gy balances estlnated analyzer readlngs versus actual anal yzer
r eadi ngs, SsS cur di nensi.onal energy
bai ance. " ((OBTBER AJnis b SimblsSs St e Peitnd) GrREn4Ee @BRs (Pom model 1 s
explained in greater detail. A The Flom1versus Val ve Position Mdel

F(y;) = G(x) + filtered bias ; + operator bias + error; Equation 14

raw bias; = F(yy) - { G(x) + filtered bias; + operator bias } Equation 15
= eITor;

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

N - convergence factor ( e.g. .0001 )
Normal operating range: xXmin < X < xmax

Normal model deviation: -(max_error) < error < (Iax_error)

[00157]  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)

[00158] 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.

[00159] The "normal operating range" and the "normal model deviation" are

determined from the historical data for the engineering redundancy model. In



[00162] A particularly val uabl e engi neering redundancy nodel is the flow
versus val ve position nodel. This nodel is graphically shown in Figure 2.
The partiwol2ase/d3o63:0 of this nodel is: Flow + filtered bipes/us2ap@smbor bi as
= Cv (VP) (Delta_Pressure / Delta_Pressurereference ) Equation 17 where:

Fl ow. measured flow through a control valve Delta Pressure = cl osest
measur ed upstream pressure - cl osest negsured downstream pressure

Delta Pressurer eference : average Delta Pressure during normal operation a
. nodel paraneter fitted to historical data Cv: valve characteristic curve
det er mi negn§diRiasdsCikfaxk e@#drViabicOisiaCahgldatatue/RoweiveP élis En ARG teant rol  val ve
(not the actual control val ve position %The Obj ectives of this nodel are to:
Det ect i ng vetiorlofngliesshatcik depenidenit ondhe saxiDetcationng frozen / failed fl ow
measurenents Detecting control valve operation where the control system

| t e fl 00163] . Thi s parti cul t of the fl
versus. vall0ge8uat 75 svﬁowei%@@hmlaamhs hodh B sitves b iio WenRey ol ot of
th t h

R T A I S A
the vay whinafyzks rdshgs), bbﬁbyesfs@r &ﬁv@@,seté.yngiﬁ@natsﬁ@wstaytv&dw@in@@ﬁi@a@r .

energy balance.

[00161]  As acase in point the flow versus valve position model is explained

in greater detail.

A. The Flow versus Valve Position Model

[00162] 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)

a
(Delta_Pressure / Delta_Pressurereference)

Equation 17

~ where:

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

closest measured downstream pressure
Delta_Pressurereference : average Delta_Pressure during normal operation

a : model parameter fitted to historical data
Cv: valve characteristic curve determined empirically from historical data

VP: signal to the control valve (not the actual control valve position)



B. Devel oping the Fl ow versus Val ve Position Mdel [00164] Because of the
| ong periods of steady state operation experienced by continuous refining
and chemwelo@mm@tassses, a long historical record ( 1 topr2Tysassjpswey be
required to get sufficient data to span the operation of the control val ve.
Figure 15 shows a typical stretch of Flow, Valve Position, and Delta
Pressure data with the |ong periods of-4®pnstant operation. The first step
is to isolate the brief time periods where there is sonme significant
variation in the operation, as shown. This should be then m xed with

peri ods OfTﬂ@bﬁﬁbu@@ﬁéﬁﬂﬁ@ﬂmﬁgkaﬁtbrOﬁ]VarlOUS periods in history. [00165]
O'ten, either the Upstream Pressure (often a punp discharge) or the
Downstream Pressure is not available. In those cases the nm ssing

nmeasur enent becones, apygk, Shirdivdiiig nodel . If both pressures
§’E‘ﬁ‘éﬁln 0 |nc{: cF [

are mssing then it is 1nmposSs the pressure effect in the

model . [ 00166] The val yRi&goded 5l Shailed S icadieRfen®l ther fit with a
| i near val ve curve, with a quadratic valve curve or wwth a piecew se |linear

function. The pi ecaM Priddtiigaiontiod GhiverbpesatidiewhiBid the lcoxirbl Systad 19dds! it
any form of valve characteristic curve. [00167] The theoretical value for

"a" is 1/2 if the rreasumimﬂmfttheﬂwvtaken directly across the valve. Rarely
are the neasurenents positioned there "a" becomes an enpirically determ ned

par anmet er ount. .for the actual OSI on of the essure
eaaur enerl 0188501 oS GReieianerad rrent b tFCIg™ G e BedBtbaR e wi ¢
vari ati ons ]%! T ring
t he nor mal CHﬁjegFlﬁg S Elgfge)({tg ?r(g)él&él esmﬁ%ofng lPée ﬂgteté Eﬁ%é ﬁf&?gg&ﬁ gsgdr:lgm To
over come tdiﬂeﬁmobﬁ“&sﬂ?dﬁiderstood by the operators. It is important for any of these

models that they be arranged in the way which is most likely to be easily

understood by the operators.

| B. Developing the Flow versus Valve Position Model

[00164] Because of the long periods of steady state operation experienced by
continuous refining and chemical processes, a long historical record (1 to 2
years) may be required to get sufficient data to span the operation of the control
valve. Figure 15 shows a typical stretch of Flow, Valve Position, and Delta
Pressure data with the long periods of constant operation. The first step is to
isolate the brief time periods where there is some significant variation in the
operation, as shown. This should be then mixed with periods of normal

operation taken from various periods in history.

[00165]  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.



is developed in two phases, first where a small dataset, which only
contains periods of Delta Pressure variation is used to fit the nodel. Then
t he presswoeodapessdent paraneters ("a" and perhaps the wrcsaiSp@sopmbs eam or
downstream pressure) are fixed at the val ues determ ned, and the nodel is
re-devel oped with the larger dataset. C. Fuzzy-net Processing of Flow
versus Valve Abnormality Indications [0@869] As with any two-di nensional
engi neering redundancy nodel, there are two nmeasures of abnormality, the
"normal operating range"” and the "normal nodel deviation". The "norna

nodel devi f0166] i sTeosslde chascielsielduresdcimbesithdr e WithQrlideaf®yslv@r I or .
This is fed into a type 4 fuzzy discrimnator (Figure 16). The devel oper

can pick téwverwitbiaquadrationalve cimve ¢vaithe pecewsse Jincar fimetionalTheval ue of
1) in a standard by using the norpual.zed jndex. [0Q170] - The "nor nal
ober at | ng PRrguse e CHORds i oL BerbfoAn vl s aby APBmOE N for ol

regi on. Itcﬁ%%)éet&g ﬁ(y%lh%g.r esents the operating region of the val vewhere a

change in va osifionwill result inlittle or no change in the flow
t hrough the val ve. Once again the devel oper can use the type 4 fuzzy

discrimn [ cover..both. t he upper,and.l ends of the no I

operat g 1U0GEF anct i eBiclisel FrERTRF i i df ki the SPESHGHRA BhelkERon. D

G oupi n i / V gr@upi ng Fl ow
/ Vanegml\@g‘%dgwmﬁrc%%g Vfa X@d@%%ﬁ%ﬁ%ﬁ#&%ﬁ?@ (IE)i 033%? ttgefrte. o? t hese
nodel s i ntBecdnsdstal @émputzcallyRisaiiles patanddter ldeaccoemdfor tkk saer will tell
themthat all of their critical flow controllers are working. In that case,

t he nodel poniiering odhé prassuiganéasnrgmenisiwor k (Figure 4) will contain the
"normal operating range"” and the "normal nodel deviation”

[00168] 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
_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

[00169]  As with any two-dimensional engineering redundancy model, there
are two measures of abnormality, the "normal operating range" and the "normal
model deviation". The "normal model deviation" is based on a normalized index:
the error / max_error. This is fed into a type 4 fuzzy discriminator (Figure 16).
The developer can pick the transition from normal (value of zero) to abnormal

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

[00170]  The "normal operating range" index is the valve position distance

from the normal region. It typically represents the operating region of the valve



i ndi cation for each of the flow valve nodels. The trend will contain the
discrimnator result fromthe worst nodel indication. [00172] Wien a common
equi prentwo)ype/d3se3gr ouped toget her, another operator favoras2eaEpsions | ook at
this group is through a Pareto chart of the flow/ valves (Figure 17). In
this chart, the top 10 abnornmal valves are dynam cally arranged fromthe
most abnormal on the left to the | eastgghnornmal on the right. Each Pareto
bar al so has a reference box indicating the degree of variation of the
mr)]del ?Enormality indication that is within normal. The chart in Figure 17
shows " Y . kil H lj t hat the
ot hers ar hg%aé g@%%ﬂ%ﬂ%ﬁ% Rﬁﬂgg%lggfr%l%? %hﬁ %lp‘frﬁ%gtmil@%ggﬁ gate a

pl ot for 't'lﬁ‘@ﬁ%’l?th’boi;alﬁé.ﬁﬂn@é ag@inﬁhldeeelapépcaﬁ agnhseypdd fprbl em with t he
flow control Toop. Il. Miltidinensional Engineering Redundancy Model s
[031I73] Claiserifrﬁnatgf tecaveshaith the wppes anddgwer endsofthe posmalpperaieg, | i ke"
nodel is devel oped to handl e a hi gh,di nensi on engi.neering redundanc .
Exanpl es Eﬁngﬁ@ﬂithﬁﬁ@ﬁéﬁtﬁﬁiromé%g’&é% I};ﬂr@a’fﬁps&lﬁpe 1 2 pressure g (;heck
= pressure_tn 1materia| flowinto process unit 1 = material flow out of
process uni = ... = mterial flowinto process unit 2

nmeasur enmel.  €abipingt Multitdeﬂ@w,/‘(alﬁaMQQIﬁlsqu ons Wil | éach[?géziﬂ eBecause °
coefficients to conpensate. Consequently, the nodel set that nust be first
developed is: Fi(Yi) =aiG (Xi) + filtered biasci + operator biasi +
error™i FPOI7L} = An@mfwniway-of gtoupingiFlovas ¥ alvermegelsavisichns fayprad error 2, i

Fn(y ) = anG (x + filtered biasn i + er at ' |
by the E)per)ators is to put all of these modef)splnto a (s?lrng e Puszr%y-;le?vrv(r)ﬁ(r &b that

the trend indicator will tell them that all of their critical flow controllers are
working. In that case, the model indications into the fuzzy network (Figure 4)
will contain the "normal operating range" and the "normal model deviation"
indication for each of the flow/valve models. The trend will contain the

discriminator result from the worst model indication.

[00172] When a common equipment type is grouped together, another
operator favored way to look at this group is through a Pareto chart of the flow /
valves (Figure 17). In this chart, the top 10 abnormal valves are dynamically
arranged from the most abnormal on the left to the least abnormal on the right.
Each Pareto bar also has a reference box indicating the degree of variation of the
model abnormality indication that is within normal. The chart in Figure 17
shows that "Valve 10" is substantially outside the normal box but that the others
are all behaving normally. The operator would next investigate a plot for "Valve

10" similar to Figure 2 to diagnose the problem with the flow control loop.

II. Multidimensional Engineering Redundancy Models

[00173]  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:



Equation 18 [00175] These nodel s are devel oped in the identical manner that
the two di nensi onal engi neering redundancy nodel s were devel oped. [00176]
Thi s set wbd 2me/dsiadsmensi onal checks are now converted i prce/USR@A/0bI0ke"
nodel s. This conversion relies on the interpretation of a principle
conponent in a PCA nodel as a nodel of an independent effect on the process
where the principle conmponent coeffici-éfts (I|oadings) represent the
proportional change in the neasurenents due to this independent effect. In
Figure 3, there are three independent and redundant neasures, Xl , X2, and

X3. Wenever X3 changfgsdiYe PReprefbure!?ABOSs= Piesgid nX2 changes by a2. This
set of relationships’is expressed as a single princi pI e conponent nodel, P,

with coefficients in unseal ed engi neering units as; = al X + a2 X2 +
a3x3 Equation 19 \Wermateria} ﬂQWYIOPmC@S%h@llTﬂeemaﬁ@‘l%ﬂQW@@F ef BrPcsss t he

nodel can be converted.fp a stan t~as follows: [00178]
Drawi ng anal ogi es t o Wb &Fard qrfagtfr%mqgﬂe n’att%“ne conversion factors
for each dinmension, X can be based on the nornal operating range. For

exanpl e, gﬁbgﬂg% B i&fméee{g%@ém&& éix%fbkét?oﬁ BRoROTHBE cqRStiGHs Wil sange, L he

scal ed va S are - "scale -2i. nornmal operating range '

Equat i on 2@q1(1&9cc7&9ﬁf1@fenf§3tfdt&immﬁa&£ Cogseqiontlyhthe motlell det dhat st des of t he
rrean) - md - md point of operating range Equation 21 (explicitly defining

t he " nean'firsisdavedopeiddspoi nt of the normal operating

Fi(y;) = a1Gy (xy) + filtered bias;,; + operator bias; + errory,
F2(y1) = a,G, (x;) + filtered bias, ; + operator bias; + error, ;

Fa(yy) = ayGyp (x3) + filtered bias, ; + operator bias, + errory
Equation 18

[00175] These models are developed in the identical manner that the two

dimensional engineering redundancy models were developed.

[00176]  This set of multidimensional checks are now converted into "PCA
like" models. This conversion relies on the interpretation of a principle
component in a PCA model as a model of an independent effect on the process
where the principle component coefficients (loadings) represent the proportional
change in the measurements due to this independent effect. In Figure 3, there are
three independent and redundant measures, X1, X2, and X3. Whenever X3
changes by one, X1 changes by a; and X2 changes by a,. This set of
relationships is expressed as a single principle component model, P, with

coefficients in unscaled engineering units as:
P=a; X1 + a3 X2 + a3X3 Equation 19

Where azg=1



range) X -(X - Xmd ) ' Xscale Equation 22 (standard PCA scal i ng once nean
and s are determ ned) Then the P ' loadings for X1 are: (ak / Xk-scale)?2

) 1/ 2 Equavpanos@3143she requirement that the | oadi ng vect ecths200ensmbi zed)
This transforms Pto PP = bi* Xl + b2 * X2 + + bn * XN Equation 24 P
"standard deviation" = b + b2 + + br Equation 25[00179] Wth this
conversion, the nultidinensional engi nggring redundancy nodel can now be
handl ed usi ng the standard PCA structure for cal cul ati on, exception

handl i ng, operator display and interaction. DEPLOYI NG PCA MODELS AND SI MPLE

ENG NEERI ngﬂ ﬁg‘% ngmm%mma cafBRlcahért@nth &nown Event
Suppr essi Eﬁn[ 18(E)T uggr essi on | ogi c1 is required for the follow ng:

Provi de astaayaidoPCAi mbdelt format sefollotwscat i ons from nmeasur abl e unusual events
Provide a way to clear abnormal indications that the operator has
investigated Provide a way to tenporarily disable nodels or nmeasurenents

for maint (RS PDRMVER dalbpied © sthsdhlistdhRdcalcédnegprpdR) conveisién t hey can

be retuned _
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:

Kseale = X normal operating range / 6C Equatlon 20

(99.7% of normal operating data should fall within 3 ¢ of the mean)
Equation 21

Xmid =X mid point of operating range

(explicitly defining the "mean" as the mid point of the normal operating

range)
X=X - Xmid ) / Xscale Equation 22
(standard PCA scaling once mean and ¢ are determined)
Then the P’ loadings for X are:
b= 21/ Keseate) /(XN | (@ Kiseare) )" Equation 23

(the requirement that the loading vector be normalized)

This transforms P to

P=b;*X1+b,*X2+ eee +h *¥XN Equation 24

P’ "standard deviation" =b; + b, + ee e +b, Equation 25



Provide a way to permanently disable bad acting instrunments. [00181] There
are two types of suppression. Suppression which is automatically triggered
by an extwonads/o3msasur abl e event and suppressi on whi ch ipeTiuskdosasmds by t he
operator. The | ogic behind these two types of suppression is shown in
Figures 18 and 19. Al though these diagrans show t he suppressi on occurring
on a fuzzified nodel index, suppressioi2can occur on a particul ar
measurenent, on a particular nodel index, on an entire nodel, or on a

conbi nati on of nodels within the process area.[00182] For operator

i nitiat ed[Fow]esSWath tHiHeseversiont e thiiRlisenyibhaher@hesriigneduwhémdyhe
suppression is over. One tinmer verifies that the suppressed information has
returned tmwdehdan aowi beshamill¢dhesingthabtandaddlCaygiucairefal agdsukationst hi s ti mer
are from15 - 30 mnutes. The second tiper wi.ll reactivate the abnormal
event cheeksentivgdiandbiag, epergiosdhsplay andhpieragtiQined to the nornal state.
Typical values for this tiner are either equivalent to the | ength of the
operator's work shift (8 to 12 hours) or a very large tine for
semi - per mIERL AMODEIISAND STMPER E« ENEERIN M)

measur abl e trigger | ' Thi an operator setpoint change, a
sudden ne MMVW@MMI. This signal is converted
into atimng signal, shown in Figure 20. This timng signal is created
fromthe tri [ i ing equations: Yn= P * Yn-1+(1-P) *
Xn Exponetrlfti atdy e f18fesd L%T&#‘%Ig P = Exp(-Ts/Tf) Filter constant
cal cul ation Equation 27 n-Xn - Yn Tim ng signal calculation Equation 28

where: Yn AOR@U" " §0bplekdibs 168 {@lfiRh P fhe folSARhe ST 9nal

=)
-

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.

[00181]  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
measurement, on a particular model index, on an entire model, or on a

combination of models within the process area.



Yn-1 the previous filtered value of the trigger signal Xn the current val ue
of the trigger signal Zn the timng signal shown in Figure 20 P the
exponent iwb 2bedd3es3sconst ant T the sanple tine of the neaswrso®sin3nh4 t he
filter time constant [00184] As long as the timng signal is above a
threshold (shown as .05 in Figure 20), the event renains suppressed. The
devel oper sets the length of thesuppresgion by changing the filter tine
constant, Tf . Although a sinple timer could also be used for this
function, this timng signal will account for trigger signals of different
si zes, cr i | o r; i SWRicher

suppr essi gﬁ“%r sﬁgfﬁgéagﬁéﬁgggﬁl%lgﬁ%%}&{f?gﬁgg%gﬁééﬁ%ﬁg t he event

suppr essi @atering Waco ples aipPressigpisessr oOnd itisdl venifigsrthatethe sepprsetesl of

inputs in the PCA nodel. The set of inputs to be autonmtically suppressed

i s det er mimfedmitiomhas eeturnad; tosndgealainseinsthe mensal stoive dapgal ¥ ﬂ%‘eﬁfﬁ model
gives an indication _that _t oper at om}does t his indication

want..t o see
can be tr Agsdimer are Srpm 15y mYes.i 4 {¢ §¢ tl]@SﬁWHlﬁﬁqq%tYﬁEe &8 t he Sum of
c S ) VT Ul . .
o S PR B 4 By

cal cul ati 6n thi'sTin _ ( ~ Equation 29 W
- the contyr vamedgbOttis fiftler afPithdr dgnevalddtl ty thel lalgth of fhe operiter’s
contri buti to the sumof error squared frominput i [00186] Wen a

trigger ewsok shift (3 s 12 heurs) i i veuy lage weg forseanepesmanent @peession.

[00183]  For event based suppression, a measurable trigger is required. This
can be an operator setpoint change, a sudden measurement change, or a digital
signal. This signal is converted into a timing signal, shown in Figure 20. This

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

Y,=P* Y, +(1-P) #* X, Exponential filter equation Equation 26
P = Exp(-Ty/Ty) Filter constant calculation Equation 27
Zo=X,-Y, Timing signal calculation Equation 28
where:

Y, the current filtered value of the trigger signal
Y,; the previous filtered value of the trigger signal
X, the current value of the trigger signal

Z, the timing signal shown in Figure 20

P the exponential filter constant

T the sample time of the measurement

Ts the filter time constant

[00184]  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



for each of the inputs that are to be suppressed. Wen these inputs are to
be reactivated, the contribution weight is gradually returned to a val ue of
1. 1l. PGRoNbebalzid3sconpositi on [00187] Although the PCApowdshoosssiovi | t
usi ng 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
i nprove the sensitivity of the index tgg4an abnornmal event.[00188] Referring
again to Equation 29, we can create several Sum of Error Square groupings:
El 2 Equation 30 [00189] Usually these groupings are based around snall er

sub-uni ts sgﬁgpg%\';'é]rpgg @Baﬁ;ﬁng th eingt Ligle &ﬁﬁidn@,nerfAﬁhbegﬁ B)simple t@her

sub- groupi are rélevant to the function of the equi pnent (e.g.
product qughldtalo bé QPR thsfaactias hhsaithinigsignal  will, adcsunt feaydggetdi ng t o
the sum of error s_qfuare based on process noise, the size of the jndex due
to noise pignaksafalfierentsizey, apating loageusunpresionsoudarze sHAREWANGhg to the
index. Wth fewer contrihutors to.the sumof error square cal culation, the
si gnal t oS SUPRIGSSONY Oﬁ%glil?{o‘g‘)?nggs'i nproved, neking the index nore
responsive to abnormal events. [00191] In a simlar manner, each principle
conponent can be subdivided to match the equi pne roupi ngs and .an i ndex

t. 9
anal ogous [0M85de HBigare Phghaws ith@QWI@éHPW@S%PB&Paéh? PR IPUPEEGFep. p
1. Equati (c)l{]sagljinga -prezde-fi?lled?ets’of inputs in the PCA model. The set of inputs to be

automatically suppressed is determined from the on-line model performance.
Whenever the PCA model gives an indication that the operator does not want to
see, this indication can be traced to a small number of individual contributions to
the Sum of Error Square index. To suppress these individual contributions, the
calculation of this index is modified as follows:

i

2 2 Equation 29
E=Yiawe 1

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

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

[00186] 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

[00187]  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.



IV=1 b 2,*X1 - I,i=iHap 2_p 2 [00192] The thresholds for these indices
are calculated by running the testing data through the nodels and setting

t he sensiwDwbiepw3od3st he t hreshol ds based on their perfor remas2as/08ives t est
data. [00193] These new indices are interpreted for the operator in the

i dentical manner that a normal PCA nodel is handl ed. Pareto charts based on
the original inputs are shown for the 43y gest contributors to the sum of
error square index, and the largest contributors to the largest Pin the T2
calculation. Il1l. Overlapping PCA nodels [00194] Inputs will appear in

several Pggorgsiel s R%@eﬁ«ili»@tagl@i td Bhedtasi 29nse ahn efdatd g vichd Smaelf R
enconpassed within the nodel. This can cause nultiple indications to the

oper at or \Sumard pesipingsputs are the major contributors to the sumof error
squared index. [00195] To avoid this issue, any input, which appears in
mul ti ple PCA nodels, is si gned one of those PCA nodels asujts.:RrLAary
nodel . The corElg#bELilo)ni ight in Equation 29 for the pri né?@r&%&&; del
will remain at gne \(lﬁ\/nile or the non-primary PCA nodels, it is set to
zero. | V. Operdkor Ytevztion & Interface Design [00196] The primary
objectives of the operator interface are to: Provide a continuous

i ndication of the nprmality of the major process areas under the authority
of the operator  Provide rapid (1 or 2 nouse clicks) navigation to the

under | yi ng nogel?4 Efmlrc W}e‘l%”
i=

[00189]  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).

[00190] 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.

[00191] In a similar manner, each principle component can be subdivided to
match the equipment groupings and an index analogous to the Hotelling T 2 index

can be created for each subgroup.

_ <l Equation 31
Pra= 2 briX; 1
Piv=S* b, .x.

1,b zi_—_l 1,i%i
Pl,c= Z?:k bl,iXi

- 5!
PZ,a_ Zl=1 bz,ixi



Provide the operator with control over which nodels are enabl ed. Figure 22
shows how t hese design objectives are expressed in the primary interfaces
used by twe 2o@aradser. [00197] The final output froma fezzyusBasns2met is a
normality trend as is shown in Figure 4. This trend represents the nodel
index that indicates the greatest |ikelihood of abnormality as defined in
the fuzzy discrimnate function. The oyggher 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 shoul d
take action, a yellow line typi %ally set at a value of 0.6 and a red |line
typically set at a val ue (Bz,bﬁ.ﬁi__.‘hygé(q | i nes provide guidance to the
operator as to when he is expected to take action. Wien the trend crosses
the yellow line, the green triangle in Figure 4 will turn yellow and when
the trend crosses the redejcﬁg;’.’_%ﬂu%igrieen triangle will turn red. The
triangle also has the function Thatit will take the operator to the

di spl ay associated with the nodel giving the nost abnormal indication.
[00198] If the nodel is aﬁ@A zﬂd@:’-or it is part of an equi pment group
(e.g. all control valves), sel€&tidd the green triangle will create a
Pareto chart. For a PCA nodel, of the dozen | argest contributors to the
model index, this will indpeéatenhe2nost abnormal (on the left) to the

| east abnormal (on the right) Ustial lyf’the key abnormal event indicators wll
be anong the first 2 or 3 nmeasurenents. The Pareto chart includes a red box
around each bar to provi dertznez:?p ator with a reference as to how unusual
t he nmeasurenment can be befdre +#i=lg.a egarded as an indication of
abnormality. [00199] For PCA nodels, operators are provided with a trend
Par et o, which

[00192]  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.

[00193] These new indices are interpreted for the operator in the identical
manner that a normal PCA model is handled. Pareto charts based on the original
inputs are shown for the largest contributors to the sum of error square index,

and the largest contributors to the largest P in the T? calculation.

HI. Overlapping PCA models

[00194]  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.

[00195] 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.



mat ches the order in the bar chart Pareto. Wth the trend Pareto, each pl ot
has two trends, the actual neasurenent (in cyan) and an estinmate fromthe
PCA nodelwofosdnsissshat neasurenents shoul d have been if perarsydosiosmonas
normal (in tan). [00200] For valve / flow nodels, the detail under the
Pareto will be the two dinensional flow versus valve position nodel plot.
Fromthis plot the operator can apply-tstye operator bias to the nodel.
[00201] If there is no equipnment grouping, selecting the green triangle
will take the operator right to the worst two-di nmensional nodel under the

summary tpengod IQQEQ%%HEE%BQ&QﬁKQH@Q[ﬁ%ﬁhpn is done at the Pareto chart

| evel by seleé% eneat h each bar Bi bl iography I . U S
Patfnt Docunents 1 5, 859, 964 1/12/99 Wang, et al, "System and nethod for
performn -' 41 . | d fault det ection
of waf er E%%ﬁﬁ%a % oce cﬁé%%%SHgP%@%ﬁ@?}ﬁ%gﬁb%?gfﬁgt al , N@thod for
Moni tor i ng Mﬂt'vau'q%eld%raoe@rﬁﬁﬁ@us%mﬁcaz&lgﬁﬁma&ﬁ{a@i 6P m djra| " Paper
web breakage prediction using principal conmponents analysis an
classification and rggbessiadenstureies thebadh6rif76f theDpefatBal asubr amhanya, et
al, "Method and apparatus for nmonitoring a process by enpl oying principal
conponent anal ysis" 6, 466,877 10/ 15/02 Chen, et al, "Paper web breakage

predi ction using pei Mophle rapithdnar? moanalclisks mvigatiomsteithe catdedyingnd
regression trees"

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.

[00197] 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
cuidance to the operator as to when he is expected to take action. When the
trend crosses the yellow line, the green triangle in Figure 4 will turn yellow and
when the trend crosses the red line, the green triangle will turn red. The triangle
also has the function that it will take the operator to the display associated with

the model giving the most abnormal indication.

[00198]  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)



6 6,521,080 2/18/03 Bal asubranmhanya, et al, "Method and apparatus for
nmonitoring a process by enpl oying principal conponent analysis" 7 6,564,1
19 5/ 13/ 080oVemsuisidss et al, "Multivariate Statistical Maeer/BamsdsByst em for
Monitoring the Qperation of a Continuous Caster and Detecting the Onset of
| npendi ng Breakouts" 8 6,636,842 10/21/03 Zanbrano, et al, "System and

nmet hod for controlling an industrial psgcess utilizing process
trajectories"” Il. Literature 1. Cardoso, J. et al " uy Petri Nets . An
Overview', Wrd Congress of BFAC, Vol. | : ldentification Il, D screte
Event Sys ﬁlﬂﬂé , ﬁ},stg%g@) pp. 443-448.
2. Jackso%]gﬂ@y&%q@r S %?S‘é&ﬁé“%??tﬁéflggﬁb%ood?p%%% Anal ysis ", John
Wley & SprasuréfRhts3. TiORseto clart ifdludsssretiiadyaioand edcibaotonprovlet uat i on
Detection: From Theory to Practice”, |EEE Control Systens gazi ne Cct .
2002, pp. theGper@br ithkarefevencpias t@hb@mt,félsg@k @@tmwumerltsf@m 5 Reforeit

Statistical Process Cantrol, in CB Pr ocesses” PhD Thesi s, Lehigh
Uni ver si t if,Tea@igigdas ap 1ngisatign ofappeimaality, ¢ Naes, T. , "Ml ti vari ate
Calibration", John Wley & Sons, 1989 6. Pi ovoso et al. "Process

Dat a Chenonetrics", | EEE Trans on Instrunentati ur erre‘\gv Vol . 41,
No. 2, ApE00199992, FepPCAemodels comaratsrs aTe proy: Eht

d d
abor il BRRED bR Eraes 1 oD GRERa aer DA et %ﬁ%%[é’ts"g%ﬁ Bl S V7 e
into equi ppg ﬁlengg,qug SR R 0GR AR BEl &lahf dnd an estimate from the PCA

model of what that measurements should have been if everything was normal (in

tan).

[00200] 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.

[00201] 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.

[00202]  Operator suppression is done at the Pareto chart level by selecting
the on/off button beneath each bar.



nodes with process nmeasurenents as inputs to said nodels. 2. The system of
claim1l wherein said equi pnent groups and process operating nodes are
descri bedwbyoe/@iésnci pl e conponent anal ysis nodel. 3. TireTawsdosmsmbs cl aim 1
wherein said equi pment groups include all major material and energy

I nteractions in the sane group. 4. The systemof claim1l wherein said

equi pnment groups include quick recyclesgin the sane group. 5. The system of
claim 2 wherein the equi pnent groups have mnimal interaction anong them

6. The system of claim5 wherein said equi pment groups include feed forward
and feed back paths between upstrg&g%%%%mstream equi pnent groups. 7.
The system of claim 1l wherein the nodes are specific tinme periods
wherei n process behavior is significantly different. 8 The systemof claim

1 Wheiﬁiaﬁ T’D t 0 thetsystem are neasurenents that nmeasure the
per f or- 'MQ—C#%—%O al state of the system of the process.9. The

system 4850b88 SYPLAG O WL@,%%&%&E@&@M&%M&% drforhfifg s kiene el ude
wherein said i nput measur cHARUABOE I ) ek e

predet ernined val ue. 12. TARKICAIOMNSMOESSE$ ai m 1 _wherein._nodel s._outputs..are

conbl %e cr5,949,678 9/7/99 Wold, et al, "Method for Monitoring Multivariable Processes”

4 6,368,975 4/9/02 Balasubramhanya, et al, "Method and apparatus for monitoring
a process by employing principal component analysis”

7 6,564,119 5/13/03  Vaculik, et al, "Multivariate Statistical Model Based System
for Monitoring the Operation of a Continuous Caster and

II. Literature

th

1. Cardoso, J. et al "Fuzzy Petri Nets : An Overview", 13 Word Congress of IFAC,
Vol. I ; Identification II, Discrete Event Systems, San Francisco,
CA, USA, June 30 - July 5, 1996, pp. 443-448.

2. Jackson, E. " A User’s Guide to Principal Component Analysis ", John Wiley
& Sons, 1991

3. Kourti, T. "Process Analysis and Abnormal Situation Detection: From Theory to
Practice", IEEE Control Systems Magazine, Oct. 2002, pp. 10 - 25

4. Ku, W. "Disturbance Detection and Isolation for Statistical Process Control in
Chemical Processes", PhD Thesis, Lehigh University, August 17,1994

6. Piovoso, M.J., etal. "Process Data Chemometrics”, IEEE Trans on Instrumentation
and Measurement, Vol. 41, No. 2, April 1992, pp. 262 - 268



using fuzzy Petri nets. 13. The systemof claim9 wherein the signal to
noi se ratio is above 4. 14. The systemof claim8 wherein said input
nMeasur emewde&aBi@Ey a cross correlation test. 15. The sgstsposfhsmbai m 2
wherein said inputs to said principle conponent anal ysis nodel are scal ed.
16. The system of claim 10 further conprising an operator interface. 17.
The system of claim 15 wherein said opgpator interface includes Pareto
charts. 18. The system of claim 15 wherein said operator interface includes
an indication of the nodel that gives the nost abnormal indication.19. The
;ys;en1prEJ M&Q-15 wherein said operator interface includes a continuous
indication of normality of major process areas. 20. The system of claim15
wherein the fuzzy net includes a normality trend that indicates the

greatest |ikelihood, of Ai@%{’%ﬂ%}z@hal;ﬁéa eVOR c@féét 19fancﬁlﬁh§ﬁﬁl rckfer

conpri sing engi neer}ng system of aim?2 further conprising

Inferentigly, Eﬁgﬁgraeg@? BF fnodehs toﬂlﬁec&%h@fﬁl@f opéraumslﬂl salid peodess ehdrein
engi neering s are redundancy checks based on known engi neering

rel at2 [ gnsimafroé’e@s hahbeaydivédedinte Eqiipnient gwhipseind pracessrangiaiitthcy checks
are 2x2 chec
modes with process measurements as imputs to said models.

2. The system of claim 1 wherein said equipment groups and

process operating modes are described by a principle component analysis model.

3. The system of claim 1 wherein said equipment groups include

all major material and energy interactions in the same group.

4. The system of claim 1 wherein said equipment groups include

quick recycles in the same group.

5. The system of claim 2 wherein the equipment groups have

minimal interaction among them.

6. The system of claim 5 wherein said equipment groups include

feed forward and feed back paths between upstream and downstream equipment

groups.

7. The system of claim 1 wherein the operating modes are

specific time periods wherein process behavior is significantly different.

8. The system of claim 1 wherein inputs to the system are
measurements that measure the performance and/or physical state of the system

of the process.



25. The systemof claim2 1 wherein said redundancy checks are nmultiple
redundancy checks. 26. The system of claim 1l wherein said set of nodels has
been restwocbawBtssbased on process operations. 27. The systusmoesfozmbai m 10
wherein said output fromsaid fuzzy Petri nets is a normality trend. 28.
The systemof claim 1l wherein said industrial process is a chem cal

process. 29. The systemof claim 1l whergin said industrial process is a
petrochem cal process.30. The systemof claim 1l wherein said industrial
process is a refining process. 31. A nethod to devel opi ng an abnormal event

detector for a indugtrigl REREPEE RN WhtREn Be Mpuistddiermhine s ocess i nto
equi pnent groups and/ or opérating nodes, b) determ ning input variables and

t hei r opephayiiog stapef thosyssand equi pnent and/ or operating nodes, c)
determ ning historical data for said input variables. d) determining a
hi storical data training set having no abnormal operation, e) creating a

set of nodels, one figr TeRGYsRm SALTIRMIVRERAL sgiddupstsaodh@sysugar at i ng nodes
using said historical data“training set.

include temperatures, and/or pressures, and/or flows.

11. The system of claim 8 wherein said input measurements have

a signal to noise ratio above a predetermined value.

12. The system of claim 1 wherein models outputs are combined

using fuzzy Petri nets.

13. The system of claim 9 wherein the signal to noise ratio is

above 4.

14. The system of claim 8 wherein said input measurements

satisfy a cross correlation test.

15. The system of claim 2 wherein said inputs to said principle

component analysis model are scaled.

16. The system of claim 10 further comprising an operator

interface.

17. The system of claim 15 wherein said operator interface

includes Pareto charts.

18. The system of claim 15 wherein said operator interface

includes an indication of the model that gives the most abnormal indication.



32. The nethod of claim3 1 further conprising creating engi neering nodels
based on known engi neering relationships and conbining with the set of
nodel s f owoaeeh3espsi pnent groups and/ or operati ng node. p83wstisoambhod of
claim3 1 wherein said nodels are recalibrated with a new historical data
training set. 34. The nethod of claim3 1 wherein said set of nodels are
princi pl e conponent anal ysis nodel s. 35¢g2The nmet hod of claim34 further
conprising the step of conbining output fromthe nodels using fuzzy Petri
nets. 36. The nethod of claim3 1 further conprising the step of displaying

output from the setof THRAGLSASE Aalif15W héirt {8@Gpedifor (Rbafavet hod of claim
e step o

31 further conprising t using fuzzy Petri nets to interpret

out put fr pEhERIsG cRtinabustiait giasohesrlity of airjor pwices3@&eaThe net hod of
claim31 further conprising the step of using fuzzy Petri nets to conbine
nodel outputs into a single continuous summary of nornality and

abnormality. 39. ThegmahBQ9siein 6f @lafth34 Whérelitthefanpy nei ingludes ast ep of
suppl ementing the principlé& conponents anal ysis nodels with known

engi neer i pgrmalityttienasthapindichies theeresestdiketihood aff abgermaléyei n sai d known
engi neering relationships are 2x2 redundancy checks. 41. The nethod of
claim 39 wherein said known engi neering rel ati onships are nultidi nensi onal

redundancy checks. 2. The system of claim 2 further comprising engineering models.

22. The system of claim 2 further comprising inferential

measurements.

23. The system of claim 19 wherein said engineering models are

redundancy checks based on known engineering relationships.

24. The system of claim 21 wherein said redundancy checks are

2x2 checks.

25. The system of claim 21 wherein said redundancy checks are

multiple redundancy checks.

26. The system of claim 1 wherein said set of models has been

restructured based on process operations.

27. The system of claim 10 wherein said output from said fuzzy

Petri nets is a normality trend.

28. The system of claim 1 wherein said industrial process is a

chemical process.

29. The system of claim 1 wherein said industrial process is a

petrochemical process.



42. The nethod of claim 39 further conprising the step of using fuzzy Petri
nets to conbine the set of principle conponents anal ysis nodels with known
engi neer iwg 20@/@ié3donshi ps. 43. The nmethod of claim3 1 woeEnstevssaiods

i ndustrial process is a chem cal process.44. The nethod of claim3 1
wherein said industrial process is a petrochem cal process. 45. The net hod
of claim3 1 wherein said industrial prgcess is a refining process. 46. A
nmet hod for determ ning an abnornmal event for an industrial process
conprising the steps of determning if output froma set of nodels exceeds

a predeterm ned val 4g WiRISkitn? ot EladBll VhefBRehid ihaGdHdPPFoRE 1§ a

correspondi ng to equi pnent “groups and/ or operating nodes and/or engi neering
nmodel s.  4¥efiniRg ded of claim46 wherein output fromthe set of nodels is
conbi ned using fuzzy Petri nets to provide a continuous sunmary i ndication
of the normality of the process. 48. The nethod of claim47 further

conprising the step3ef £uRahbddeb &’@Je%ﬁing Aldbnbfhabéveafl defpreditfoghoup, an
operating node, or engi neering nodel.” 49. The method of claim46 wherein
sai d i ndugidusafialprocsss songprsimgeni cal process. 50. The method of claim 46
wherein said industrial process is a petrochem cal process. 51. The net hod
of claim46 wherein said industrial process is a

a) dividing the process into equipment groups and/or

operating modes,

b) determining input variables and their operating range for

said equipment and/or operating modes,
¢) determining historical data for said input variables.

d) determining a historical data training set having no

abnormal operation,

e) creating a set of models, one for each of said equipment
groups and/or operating modes using said historical data

training set.

32. The method of claim 31 further comprising creating
engineering models based on known engineering relationships and combining

with the set of models for said equipment groups and/or operating mode.

33. The method of claim 31 wherein said models are recalibrated

with a new historical data training set.

34. The method of claim 31 wherein said set of models are

principle component analysis models.



refining process.
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35. The method of claim 34 further comprising the step of

combining output from the models using fuzzy Petri nets.

36. The method of claim 31 further comprising the step of

displaying output from the set of models as a normality trend.

37. The method of claim 31 further comprising the step of using
fuzzy Petri nets to interpret output from said set of models as normal or

abnormal.

38. The method of claim 31 further comprising the step of using
fuzzy Petri nets to combine model outputs into a single continuous summary of

normality and abnormality.

39. The method of claim 34 further comprising the step of
supplementing the principle components analysis models with known

engineering relationships.

40. The method of claim 39 wherein said known engineering

relationships are 2x2 redundancy checks.

41. The method of claim 39 wherein said known engineering

relationships are multidimensional redundancy checks.

42. The method of claim 39 further comprising the step of using
fuzzy Petri nets to combine the set of principle components analysis models with

known engineering relationships.

43. The method of claim 31 wherein said industrial process is a

chemical process.
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44. The method of claim 31 wherein said industrial process is a

petrochemical process.

45. The method of claim 31 wherein said industrial process is a

refining process.

46. A method for determining an abnormal event for an industrial
process comprising the steps of determining if output from a set of models
exceeds a predetermined value wherein said set of models include models
corresponding to equipment groups and/or operating modes and/or engineering

models.

47. The method of claim 46 wherein output from the set of models
is combined using fuzzy Petri nets to provide a continuous summary indication

of the normality of the process.

48. The method of claim 47 further comprising the step of creating

Pareto chart for an equipment group, an operating mode, or engineering model.

49. The method of claim 46 wherein said industrial process is a

chemical process.

50. The method of claim 46 wherein said industrial process is a

petrochemical process.

51. The method of claim 46 wherein said industrial process is a

refining process.



