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DETECTI ON I N THE OPERATI ON OF CONTI NUOUS | NDUSTRI AL PROCESSES BACKGROUND OF
THE | NVENTI ON [ 0001] This invention relates, in its broadest aspect, to

pr event winehdisisscal ati on of process and equi pment ppebhRiRshihes Serious
incidents. It achieves this by first providing the operator with an early
war ni ng of a devel opi ng process or equi pnent problem before the alarm
systemis activated, and by then providing the operator with key information
for localizing and diagnosing the root cause of the problem [0002] In the
petrochem cal industry, abnornal operations can have a significant economc
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i ndustry [ 0003] Abnornmal situations commonly result fromthe failure of
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fromthe normal operating state. In particular, the undetected failure of
key ins tat] n and .ot her, devi.ces ilch are part o e process
control tl@@@flg Sblé‘ﬁ'g%u?lh (i%%tlpdlisebr é\hséﬁngtdplm@qu;@g Bcess into an
undesir 0 - J s enabl es
t he ope%g{ﬁgﬁ‘y?gwg%s é{?ﬂg S E@#dg{%ngﬁjﬁ%gﬁys cz&eglgfel%a@h U Sgt es the

failure &Gﬂfﬂ? lwaidn L of practice
is to n%?@%@%@%ﬁe operator o s 3a) pﬁggzess % g{,n?lt ﬁé%éocess _
al gr ne. offeqaipnem esical, defire aheakdah slyeténbis activated, and by then :

D

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 eCOonOmic 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.

C [0003] Abnormal sitmations commonly result from the failure of ficld
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 conirol 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



WD 2006/ 031635 PCT/ US20051032094 -1 setting safe operating ranges on key
process neasurenents (tenperatures, pressures, flows, |evels, and
conpositions). An alarmis given to the operator when the safe operating
range of a neasurenent is violated. In current comercial practice, setting-
these al awp sipgaRssd s a delicate bal ance between glVanC&H§%8?55%$P
sufficient tinme to respond to the process problemand over g himwth
a flood of alarms. Oten, the safe operating ranges of key process
measurenents are set mﬁde to reduce | ow,inportance alarns. The negative
result of these wi de safe-operating ranges is that abnormal conditions C

can advance too far, and the operator is not left with enough tine to take

corrective actloqr}s to m ti ate t abnor mal event. [OOOSL | n the past
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seni conduct or rranu urrn pat ent general practice is to

first i dedftimfnbrcﬁam%m@l katting theR i elgeRlis addlibae baladcdbetweed PCA nodel
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limts (supyeswhe npwithiacieashobalegns. atemdhe spiepperatinp rangys ebnput ed
fromthe. del. The oerators are\wg %é d of a ”OI“Zfﬁ |ist of
t hose ori gFRAPTOCHR IS EHS ag SPLVHEC 4P ECHUCS: OE’O‘FFEI?‘:T

orocess. opll %ftﬁq%%gﬁ%héfoﬁgié PR B8 SRl S S Mo APRARAG AR oL 10°, e
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corrective actions to mitigate the abnormal event.

[0005] In the past decade, the application of multivariate statistical models
(principle components models, PCA, and partial least squares, PL.S) 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
désigned 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 Iist 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



qul tivariate statistical nodels and their subsequent use in an online
system Wthout these nodifications, there can be a nunber of technical

problenms limting the usefulness in applying nodels for online process
<moni t or M@ 200élemes WO 2006/ 031635 PCTI US2005/ 032094  t aatmmiis2aés/gae@bl ens can
cause the statistical indices have significant Type | and Type Il errors

(fal se positives and m ssed abnormal events). SUMVARY OF THE | NVENTI ON

[ 0007] Events-and di sturbances of vari®us nagnitudes are constantly
affecting process operations. Mdst of the tinme these events and di sturbances
are handl ed by the process control system However, the operator is

requi redtécﬂngjdﬁ??olﬁ@m%%@h%ﬁﬁf‘é’m&%ﬁﬁfsﬁéﬂtihﬁﬁek@a%@?i%ﬁ%ﬁ“ Behghl ons

whenever t rocess control system cannot adequa e the process
event. Wrypefll Beofsifalse potitiaks and afssed adbpoanabéveppdr ati on and the cause
defined as an abnornmal event. 10008] A nethodol ogy and system has been
devel oped to create and to deploy on-line, sets of nodels, which are used
to detecgtﬁgmggﬁ@g ﬁ@pﬁ @thelp the operator isolate the | ocation of
t he root'CaUSE*Tﬂ‘%ﬁgiﬁg%srrrgﬂﬂprocess, in particular, a continuous
process. In a preferred enbodi nent, the invention is applied to a chem cal
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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 modelé., 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 resulis 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 fiows
through the various transformations, model calculations, fuzzy Petxi 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.



t hrough the various transformati ons, nodel calculations, fuzzy Petri nets
and consolidations to arrive at a sunmary trend which indicates the
normality 1 abnormality of the process areas. The heart of this systemis
the various nodels wused to nonitor the nornmality of the process operations.
WD 20061031635 PCT/ US20051032094 -4 [0010] The PCA nodel s described in this
I nventi on s@20oph8agked to broadly nonitor continuous reficimgorngoehem ca
processes and to rapidly detect devel opi ng equi pnent and process probl ens.
The intent is to provide blanket nonitoring of all the process equi pnment
and process operations under the span of-4responsibility of a particular
consol e operator post. This can involve many nmajor refining or chem cal
process operating units (e.g. distillation towers, reactors, conpressors,

heat exchangojgpi nSTHEICA HALADRKBRUIMIEHN dfchhRUSABATPlo ERRSSS |

neasur enent nonitoring s designed to detect
on. a m nut agohiRortANbISRITIAhE and ShARRAE SEbck ek ARd thek déefimance
degradati on. The process and equi pnent probl ens do not nee to be specified

bef or ehand. devebpimg equipment asd ptozessproblemn THeGAtemd detosprovidedblankett he
literature which are structured to detect a specific inportant process

probl em andnesiteneel all Mecprosess aquipipentiandrprecesspeprtigsgmdep Breaspapig .

[0011] To acconpl i,sh this objective, the method far. PCA nodel devel opnent
bnd. depl oy maRePOIsn (el SPRURBEF coRsle PBFRISG| SHS COGRTPEG WO t hoi
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devel opi ng Ivariate statistic ase n a variation
thousands of process measurements. The monitoring is designed to detect ( .

problems which develop on a minutes to hours timescale, as opposed to long
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 Iiterature 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 deploymeunt includes a number of novel extensions required for

their application to continuous refining and chemical processes including:

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

measurement inputs

o developing of multivariate statistical models based on a variation

of principle component models, PCA

o developing modeis based on simple engineering relationships

restmcturing the associated statistical indices

s preprocessing the on-line data to provide exception calculations

and continuous on-line model updating



of principle conponent nodels, PCA devel opi ng nodel s based on sinple

engi neering relationships restructuring the associated statistical indices
preprocessing the on-line data to provi de exception cal cul ations and

cont i nuotY@ 2¥B163% nodel updati ng WO 2006( 031635 PCTI USAUUS06BP4 -5 usi ng
fuzzy Petri nets to interpret nodel indices as normal or abnormal using
fuzzy Petri nets to conmbine nmultiple nodel outputs into a single continuous
summary indication of normality / abno¥mmlity for a process area design of
operator interactions with the nodels and fuzzy Petri nets to reflect
operations and mai ntenance activities [0012] These extensions are necessary

to handl e the chasacisBig fifzlz¢ Pefii neRADTARHABEMOAE] MdN@s AR hophabeal pl ant
operations and the correspondi ng data characteristics so that PCA and

si npl e engi neeri ng mbdetmaltan be used effectively. These extensions provide
t he advantage of preventing nmany of the Type | and Type 11 errors and

qui cker indications of abnornmal events. lQOl3] This section will not provide
a general backgr otindising flegay Petni netsiaico tiple audde! ostrs idoa st andard

t ext book such as E. Jackson' s "A User's ., Gui de t$ Pringi pal. Conpgnent

Anal ysi s" (2) [0014pinghe ceniiguqusfunpnarytiadicalgn of Reraalithaatmermaiing
statistical assurrptfi ons all of which are violated to sone degree by the
data generated from PhdPHHi®*¢81& nuous refining and chenical plant process
operations: 1. The process is stationary-its nean and vari ance are constant

+ 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
continnous 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 I 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 alt of which are violated to some degree by the data generated from

normal continnous 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.



over time. 2. The cross correlation anong variables is |linear over the range
of normal process operations 3. Process noise random variables are nutually
i ndependent. WD 2006/ 031635 PCT/ US2005/ 032094 -6 4. The covariance nmatri x
of the process variables is not degenerate (i.e. positive sem-definite).

5. The d r | ed "appropriately"” (the standard stat.i sti @%? ppr oach
bei ng toqéééﬁ@ﬁ?ﬁﬁgnit variance). 6. There are no (uncdﬁ%@ﬂ%@&’ 93r ocess
dynam cs (a standard partial conpensation for this being the inclusion of

| ag variables in the nodel) 7. Al varéables have sone degree of cross
correlation. 8. The data have a nultivariate normal distribution [0015]
Consequently, in the selection, analysis and transformation of inputs and

t he subsequent in huilding the PCA nodel, various adjusitnents are nmade to
eval uate and corrpe%saﬂe gYm%ea%%@?éhem%ﬁww lepiy et degenieTdtRese PCA
nodel s are depl oyed opn-|ine..the node}. | culations require specific
excepti on processing Gg'P8ﬁ838S?W§%§b?§€% of known operation L and

mai nt enance activities, to disable failed or "bad acting"” inputs, to allow

the procees and to et Bndrrety Py E8 Sk dBu Rl TR AR BRI e ot ooees
has returned to nornﬁprgé‘gp%%lggggg%ﬁ t@gﬁt%ﬂﬁﬁ&gi s suppl enented by sinple

redundancy checks th nown engi neéring relationships that
must be true during

6. There are no (nncompensated) process dynamics (a standard

partial compensation for this being the inclusion of lag variables

1n 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 C
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.



- normal operations. These can be as sinple as checking physically redundant
nmeasurenents, or as conplex as material and engi neering bal ances. [0018] The
si npl est form of redundancy checks are sinple 2x2 checks, e.g. WO

- 2006/ 0B 2WePTIPAFUS2005/ 032094 -7 tenperature 1 = t e E2®+ flow 1 =
val ve characteristic curve 1 (valve 1 position) material flow into process
unit 1= material flow out of process wunit 1 [0019] These are shown to the
operator as sinmple x-y plots, such as7the valve flow plot in Figure 2. Each
pl ot has an area of normal operations, shown C on this plot by the gray
area. (Operations outside this area are signaled as abnormal. [00201

Mul tiple redundagcweﬁ]?,@r%{l@q QQeﬁggﬁlﬁﬁgzt hrough a single nultidinensional
nodel . Exanpl es of multidi nensional redundancy are: pressure 1= pressure 2

= .... =pressure n material flowinto process unit 1= material flow out of
process unit | = flowd mwskveichhrdcianmsticrovel qealvs lupositich)[ 0021]
Mul ti di mensi onal checks are represented with "PCA |ike" nodels. In Figure

3, there are three i ndepepdent and redundant neasyres, X1,. X2, and X3.
Whenever X3 changeéﬂﬁl‘g‘?ﬂéﬁﬁf’wxm‘f&%‘@%@? ﬁ@aﬁﬂ@%ﬁ‘éﬁfg&mﬁ?ﬁsat e. This
set of relationships.is expressed as a PCA nodel with a single principle

conponent directi orﬂ111 . This type of nodel is presented to the operator in a
manner simlar to the broad PCA nodels. As with the two di nmensi onal

r ed“”qa'ﬂﬁtﬂﬂheckThE&?ax@&‘h‘é“ﬁrtﬁ%é Bgéﬁtérhfs s%??e £y Bl BhctORAhat | ons. The
principl'e conponent | oadings of P are directfy calculated fromthe
engi neeniahg 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] Maultiple redundancy can also be checked through a single

mnitidimensional 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

untt 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,s.
This set of relationships is expressed as 2 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 nornal 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.



equations, not in the traditional manner of determining P fromthe direction
of greatest variability. WO 2006/ 03163S PCT/ US20051032994 -8 [00221 The
characteristics of the process operation require exception operations to
keep these rel ationshi ps accurate over the normal range of process
operations and normal field equi pmrent changes and mai nt enance activities.

[ 00231 ExIHPPUWE/3X3exception operations are: opening ofpduypseecs/osadoes
around flow neters conpensating for upstream/ downstream pressure changes
recalibration of field nmeasurenents redirecting process flows based on
operating nodes [00241 The PCA nodel s-gnd the engi neeri ng redundancy checks
are conbined using fuzzy Petri nets to provide the process operator with a
continuous sumary indication of the normality of the process operations

under o't 100281 ' ol Tl it Reedistics 8P glpridieds deRatbRtdqliteclochiigh cos are

created from each PCA nodel so that ndi ces cortespond to the

conf i gur at bpefathand thikeep sy r@Iatibhﬁli?H aERBse B thBRimdl hahigd SepRteRkess
operat or handles. The sensitivity of the traditional sum of Squared

Pr edi ct i onopEratorns @R orinad éeld squipmentelthnpgs and andintpnandrsadtivifiesdi ces, whi ch
only contain the contribution to the SPE index for.the inputs which cone
from desi gnated portions of the conplete process area covered by the PCA

nodel . Eaclg(g8pt i st iBampledexeddeptivn Bﬁeﬁﬁ&lﬁﬁﬂ;@ sis fed into a fuzzy Petri

net to convert the index into a zero to one scale, which continuously
I ndi cates the range from normal operation (value of zero) to abnornal

operation (value Qf gRfng of bypass valves around flow meters
¢ compensating for upstream / downstream pressure changes ( --

recalibration of field measurements

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 creaied from each PCA model so that

the indices correspond to the configuration and hierarchy of the process 3
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 continucusly

indicates the range from ﬁormal 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



- [ 00261 Each redundancy check is also converted to a continuous normal -
abnormal indication using fuzzy nets. There are two different indices used
for these nodels to indicate abnormality; deviation fromthe nodel and

- devi at ¥ 2809868/ 031635 PCTI US2005/ 032094 -9 out si deCT/Hsz0opexessi ng r ange
(shown on Figure 3). These deviations are equivalent to the sumof the
square of the error and the Hotelling T square indices for PCA nodels. For
checks with dinension greater than tvb; it is possible to identify which

i nput has a problem In Figure 3, since the X3-X2 relationship is stil

wi thin the normal envel ope, the problemis with input XI. Each deviation

measur eoliideomi dpefiinyrah e (hvtdy o Pigire 33! ThesOdaviaRbes 48 one scal e that
wi |l continuously indi'cate the range From nor mal operation (value of zero)

t o abnoequivalzpetatheonn{ vhihesqahreonfethe ef1®0 27) thoHoeelting (F smmss ar ea under t he
authority of the operator, the applicable set of normal - abnornal

i ndi cat Brdicassfoe B madelntlorcheckywithrimeasion grpater then twediildat or. This is

d b ing .f . Petri Logic t | ect t, i nqj.cati f
bnor maPOSE 4 FEAEY iick Wi fat R T aeRh B TIEHEE 3 HPGnIeSh X oummary. of

Il th . Wi i, Eh _Thi ' i\l | i d

qener ) TOATERUB PG, BeEERR Fufdorddhe pREEE i weBP I T et or to
Car dOSOEP@lS de-biatiﬁﬁg%enagr Rli5lco éﬁéaaggp@éig{zg%wﬁ ht M&%%J@f—b&ver all _process

for developing an event n1s shown in gure 5. The

basi c deygé derill @htiahegly isdititeihd tatge\f@nhickhRal oferebAReslusbfirts with a
rough nodel, then successively inproves that nodel's capability based on
obser vi neroh oovatmediimal lnperatisdal (valmprefome).s t he actual process operations
duyfing both normal operations and abnornmal operations. The nodels are then
restructured and retrai ned based on these observations.

[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 nbt 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 restractured 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.



BRI EF DESCRI PTI ON OF THE DRAW NGS 100291 Figure 1 shows how the information -
in the online systemflows through the various transformations, nodel

cal cul ations, fuzzy Petri nets and consolidation to arrive at a sunmary
trend which indicates the normality/ abnormality of the process areas. WO

2006/ 03163pp Ffgthia®S/ 032094 - 10 [0030] Figure 2 Shom@%ﬁ@“{a#‘ﬁg pl ot to‘

the operator as a sinple x-y plot. [0031] Figure 3 sho nsi ona
redundancy expressed as a PCA nodel. [00321 Figure 4 shows a schenmatic

di agram of a fuzzy network setup. [0033]. Figure 5 shows a schematic di agram
of the overall process for (.. develd'(%g an abnormal event application.
[0034] Figure 6 shows a schematic diagram of the anatony of a process
control cascade. [0035] Figure 7 shows a schenmatic di agram of the anatony of
a nul tivai003Bl e cdilgured showonvalyelfiaw pidrthg opezstor BF GHLEDE yoMet. a
schematic diagramof the on-line inferential estimate of current quality.
[0037] Figure 9 shows the KPI analysis of historical data. [0038] Figure 10
shows a di[@§8an of Kgwed showsihirse diméisiond) 08B Mdahc g oxpredsedsisomBCldow t he
process dynam cs can disrupt the correlation between the current val ues of
two measur@egels. [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-di nensional energy bal ance nodel .

[0032] Figure 4 shows a schematic diagram of a fuzzy network setup.

[0033] Figare 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 of a

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 neise 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] Figore 13 shows illustration of the press statistic.

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



WO 2006/ 031635 PCT/ US2005/ 032094 -11 [0043] Figure 15 shows a typical
stretch of flow, valve position, and delta pressure data with the | ong
peri od operation. [0044] Figure 16 shows a type 4 fuzzy

di scri m%%?@?@gl%F%O%] Figure 17 shows a flow versus V%EF"%;ES%T}WQ?"ChaH.

[ 0046] Figure 18 shows a schematic di agram of operator suppression |ogic.
[0047] Figure 19 shows a schematic di agram of event suppression |ogic.
[0048] Figure 20 shows the setting oflthe duration of event suppression.

[ 0049] Figure 21 shows the event suppression and the operator suppression
di sabling predefined sets of inputs in the PCA nodel. [0050] Figure 22 shows
bow desi[@843bj ecthigure I shoswsm tigdea sinatohiaf flowrealye positienf abdeltessed by t he
operator. DETAI LED DESCRI PTI ON OF THE PREFERRED EMBODI MENTS DEVELOPI NG PGA
MODELS Hurssuphantpyitetenpnppeeod efgonstantbepeiaBPlal  PCA Model Design [ 0051]
The overall design goals are to: provide the console operator with a
continuous status (normal vs. abnormal) of process operations for all of

t he prod@644pni t Figumed6 shows Dpgeat furgyaisdrominator. provi de himwith an early
detection of a rapidly developing (mnutes to hours) abnormal event wthin
his operating authority WO 2006/ 031635 PCTI US2005/ 032094 -12 provide him

wi th onlpgoibp ke piRaesthowl PTIBR t5udRade Patedo clhdgnose the root cause of
t he abnor mal event”

[0046] Figure 18 shows a schematic diagram of operator suppression logic.

C— [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 Desion

[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 anthority

o provide him with an early detection of a rapidly developing

(minutes to hours) abnormal event within his operating authority



[ 0052] Actual root cause diagnosis is outside the scope of this invention.
The consol e operator is expected to diagnosis the process probl em based on
his process know edge and training. [0053] Having a broad process scope is

i nportant to the overall success of abnormal operation nonitoring. For the .

oper at or e systemand maintain his skills, needs to regularly
iR Bl e

use the syste nce specific abnormal events occur 0I3’§p,9*‘abnormal

operations nonitoring of a small portion of the process would be
i nfrequently used by the operator, likely |eading the operator to disregard
the systemwhen it finally detects an aBnormal event. This broad scope is

in contrast to the published nodeling goal which is to design the nodel
based on detecting a specific process problem of significant econonic

i nterest (see Kour i, p2@ie)hin e06u¢nly itk keynpmcesninsemandionf ngedod ¢s s
measurenents wthin the process units under a single console operator's
operating authority. &8sreseubasoviedause ahtheatmopmaheal. pr ocesses exhi bit
significant tine dynam cs anong these neasurenents, which break the cross

| ati th t Thi s,. i I, di vi. di th : ' t
into separdPaZbca ASERTORHERSediRgitss Sl sePBn L UHS BYEREPR ai ned.
00551 Co : , : o _
Suba vi o ni rplecata R ik (RARRR B arpts IRNBERPRES BB ponai ng
PCA nodel spmgég@qgn\gi“q% MPggpIngperating time periods into process
Ir

oper ati ng nodes requ ng different PCA nodels WO 2006/ 031635
PCT/ US20051 032094 -13 Identifying which neasurenments w thin an equi pnment

group [0053] Having a broad process scope is important to the overall success of
abnormal operation monitoring. For the operator to learn the system and 8
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 thé published modeling goal which 1s 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

measuremnents, 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:

o Subdividing the process equipment into equipment groups with
corresponding PCA models

» Subdividing process operating time periods into process

operating modes requiring different PCA models



-shoul d be designated as inputs to each PCA nodel Identifying which
measurenments wi thin an equi pnment group should act as flags for suppressing
known events or other exception operations A Process Unit Coverage C

-[ 0056] Wf@2006/031633 decision is to create groups of equiqiHEsoxds2am4wi || be
covered by a single PCA nodel. The specific process units included requires
an understanding of the process integration / interaction. Simlar to the
design of a nmultivariable constraintidentroller, the boundary of the PCA
nodel should enconpass all significant process interactions and key
upstream and downstream indications of process changes and di sturbances.

[ 0057] The follown ; r1@1m]' gt | nt groups:

[ 0058] Equi prrent grggégﬁ@ega@#ﬁ%gai@mﬁﬁéﬁu |ng%£l%$§ﬁ1e] ma% o{riﬁmateri al and
energy integrations saodldbd ddsigiRgdCiempni tohsach PEA eaodgdnent group (also C
referred to as key functional sections or operational sections). If the
process uses a npaltivariable constraint controller, the controller nodel
will explicitly edddentifyingehioht measntremanisovithia sanmuipbet groopess units.
Qtherw se the interactions need to be identified through an engi neering

anal ysis of the procébegld adteeflags fercuppresginglpwvahevards peodieyi ded at a poi nt
where there is a mninmal interaction between the process equi pnment groups.
The nost obvious diSFFERPYRT PRATAEORCcur s when the only interacti on comes
through a single pipe containing the feed to the next downstreamunit. In

this casg t E # gg@m—gg%%a pressure, flow, and conposition of the feed are
the pri y e downstream equi pnent group and the pressure
in the i medi ate downstream WD 2006/ 031635 PCfi/U52005/ 032094
C [0056}] The 1initial 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 1o 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

Y

referred to as key functional sections or operational sections). If the process
uses a2 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 poinr 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 équipment group and the pressure in the immediate downstream



-14 unit is the primary influence on the upstream equi pnment group. These
primary influence neasurenents should be included in both the upstream and
downst ream equi pnent group PCA nodels. [0060] Include the influence of the
process control applications between upstream and downstream equi pnent .
groups. T control applications provide additi | .influence paths
bet ween ugg%gggﬁﬁgﬁh downst r eam equi pnent  groups. Both$%3&@?%$@&w&‘and

f eedback paths can exist. Were such paths exist the neasurenents which
drive these paths need to be included ia bot h equi pmrent groups. Anal ysis of
the process control applications wi | | -ilfidi cate the maj or interactions anong
the process units. [0061] D vide equi pnent groups wherever there are
significant time dynamcs ( e.g. storage tanks, |ong pLFeIines etc.). The
PCA nodel dngis ther pisparhiibicace ondhe ppsitcass eqipmpss grainy . Thesegwimariych occur

over a period of mnutes to . haurs).. |Influepces, which take several hours,
days or eé%ﬁ“%@l@e@@%%st‘h%‘?lﬁbeéﬂ?]éa?dahgﬂ%eﬂlﬁr”@é@%@351 not suitable -
for PCA | ere.these inf ces, ;are inportant to the normal data
patter ns%@é’éﬁ?%&W'ﬁ@ﬂw&bﬁB&d&%eed to be dynam cally conpensated
to get their effect tinme synchronized with the other process neasurenents
(see the discussion of dynam c conpensation). B. Process Operating Mdes
[0062] Prd8 opefrlidaiheduBuentef dies prasgsacopelcannlcatipns bgfieeBds wher e
t he process lbehavio I S §l nificantly different. Exanples of.these are

br oduct | olPSBFad sk BRe sraues B8 Broogt SOl SPBHERSny
significa - AN t t Qck

wi 't ches) D1oAd2 8Eaionkl Atfichie Baul Refivech lkdidly b LEEBRGEC, g
napht ha rakbgls. (G eeMRPRatdanPie@libitk PiReUsT bRRY. . Wherd shdtPHARS exist

configurations of the process equi pnent
the measurements which drive these paths need to be included in both equipment

groups. Analysis of the process control applications will indicate the major

inferactions among the process units.

[0061} = Divide equipment groups wherever there are significant time

dynamics ( e.g. storage tanks, long pipelines etc.). The PCA models primarily

handle guick 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

[6062] 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).



-(different sets of process units running). W 2006/ 031635 PCT/ US2005/ 032094
-15 [0063] Where these significant operating nodes exist, it is likely that
separate PCA nodels will need to be devel oped for each maj or operating node.
-The fewsro rwelgdisssneeded the better. The devel oper showcd asaisiBohat a

speci fic PCA nodel could cover simlar operating nodes. This assunption nust
be tested by running new data from each operati ng node through the nodel to
see if it behaves correctly. C HiquBLcaI Process Problenms C. [0064] In
order for there to be organizational Tnterest in developing an abnorm
event detection system there should be an historical process problem of

SO0 Gon e BRSO O LA S
Dot U ASHOR S NBM kSl F Lot s BeRufiae 1110 0

per manerteyfeliex atbticd hdided ths PAk&G MR ddveldpre shadld shi@efigdcgonnel have not
had sufficient tinme to investigate and permanently ¢ solve the problem

Once t hgpadifie PG Amaede! cbaldemansmaaroperaidgmoedes! Ghistdssusmptibh erast a
permanent solution is often found. This is the best approach. 2. Can the
pr obl embisdested by rhyningaewr data fiwmeach pperatng snadeythrengletheanodel tprobl emis to
install sepnsors that can_ directly nmeasure the problemin the process. This
can al sée%gslﬁg%léﬁ"teécﬁﬁéﬁi@?rt the problemthrough a process control
application. This is the second best approach. 3. Can an inferenti al
nmeasur enent be devel oped which will neasure the
C. Historical Process Problems
C

L

[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 fo 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 aliernatives for



approach to the abnormal operation? Inferential neasurenments are usually
devel oped using partial |east squares, .PLS, nodels which are very cl ose
relatives to PCA abnormal event nodels. Other common alternatives for WO
20061031635 PCT/ US20051032094 -16 devel oping inferential neasurenents .
I ncl ude r s and linear regression nodels. If t a_exists which
can be u's\g 2@{56‘(&3$3Fabl y neasure the approach to the prEﬁT’gﬁ%&ffﬁ"ﬁP?ﬁ on (e.g.
tower flooding using delta pressure), this can then be used to not only
detect when the condition exists but ahi? as the base for a control
application to prevent the condition fTof occurring. This is the third best
approach. [0065] Both direct neasurenents of problem conditions and

inferential neasurements of these conditions can be easily integrated into
the overal | réavelamnginfarensrhaeaguemenisinchudgdiaral Netsjandinegat a and

(housands of HeGESsEn THRMRlbs Uribheata PRl SO ok PRS j0 TGP bAmCaiF oct ol |
Cecondar y. out O SPpRRERT) R ueERaERERORr L drvERSEBntil SIS

Sel ect k '
el ect xey %ﬁﬁg«?ﬁ;ggs E&Eﬁ}}ﬂ?ﬂ’bé B8RP bh gﬁgﬁﬂﬁﬁ &eé’lé’zi‘x'ggt?ﬁna%)g?tspr 0Cess

(e.g. those r-on his operating sch
nmeasur enent s Us@tlfyas the bagafara caietl apslicdtibn véit thb eonditibarrmnce of the
process Sel ect any upstream neasurenent of feedrate, feed tenperature or
feed quality occurring. This is the third best approach.

[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.

II. Input Data and Operating Range Selection

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

measurements. For the preliminary design:

o Select all cascade secondary conitrolier measurements, and
especially ultimate secondary outputs (signals to field control

valves) on these units (

o 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

¢ Select measuréments of downstream conditions which affect the

process operating area, particularly pressures.



- Sel ect measurenents of downstream conditions which affect the process
operating area, particularly pressures. WO 2006/ 031635 PCTI US20051032094
-17 Select extra redundant measurements for nmeasurenents that are

-1 mport W0 20064138436 neasurenents that may be needed to pergiha@besoen-1inear
transformati ons. Select any external neasurenent of a disturbance (e.g.
anbi ent tenperature) Select any other neasurenents, which the process
experts regard as inportant neasuregyof the process condition [0067] From
this list only include measurenents m%ich have the foll ow ng
characteristics: The measurenment does not have a history of erratic or

probl em performange,. The neasur.enent has a i sfactor ignal to noise
rati o The neasut eﬁs}ﬁ“ Pén%?:ﬁ@d%nfm@?%%@eﬂﬁﬁlﬂr H}eﬁéqreﬂieﬁ% sin the
data set The neas Egﬁgﬁt is not saturated for nore than 10% of the tine
during normal operatfons.” The measurenent is not tightly controlled to a
fi xed setpoint, which rarely changes (the ultinmate primary of a control

hi erarchy). — The, MBaRitt AIBMircHRAS ﬂﬁ‘a{uﬁ?\% éé%’sggéaa&ﬁm@neﬁ-ﬁh@ad Val ue”

operation or saturated agalinst transmtter
transformations.

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

temperature)

(. ¢ 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

( » The measurement is cross-correlated with other measurements in

the data set

o 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
hieratchy).

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

operation or saturated against transmitter limits.



WD 2006/ 031635 PCT/ US20051032094 18 The neasurenent does not go across a
range of values, which is |o)own to be highly non-linear The neasurenent
is not a redundant calculation fromthe raw neasurenents The signals to
field control valves are not saturated for nore than 10%of the time A
Eval uat i i‘oggmﬁgﬂqecti ng Model Inputs [00681 There are two statistical
criteria for priofrtizing potential inputs into the PCRERNSHOMEF20%kt ection
Model , Signal to Noise Ratio and Cross- Correlation. 1) Signal to Noise Test
The signal to noise ratio is a neasure of the information content in the

i nput signal. The signal to noise ratid8is calculated as follows: 1. The raw
signal is filtered using an exponential filter with an approximate dynam c
time constant equivalent to that of the process. For continuous refining
and cheni cal procees&hethesuicmentcdus i goiasrass bakahye bivaloes,veligh iof 30
mnutes to 2 hours. Qther low pass filters can be used as well. For the
exponential filter thaosguatbhedighlyreon-fipeartP * Yn.,-F(1-P) * Xn Exponenti al
filter equation Equation 1 P = Exp(-TSTFf) Filter constant cal cul ation

Equation 2 WD 2006/ 031635 PCT/ US2005/ 032094 _ - 19- where:
* The measurement is not a redundant calculation from the raw

measurements

o 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. Theraw 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 filiers can be used as well. Yor the

exponential filter the equations are:

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

P = Exp(-T¢Tp Filter constant calcuiation Egquation 2



Y. the current filtered value Ya_ 1 the previous filtered value Xa the
current raw value P the exponential filter constant T$ the sanple tinme of
the neasurenment Tf the filter time constant 2. A residual signal is created
by subt 5"5991’%@3{(1}% filtered signal fromthe raw si gnaPCRUS2803(032094Y.
Equation 3 3. The signal to noise ratio is the ratio of the standard
deviation of the filtered signal divided by the standard devi ation of the
residual signal Equation 4 S/N=6Y/6RY0069] It is preferable to have all
inputs exhibit a SINwhich is greater than a predeterm ned m ninum such as
4. Those inputs with SINIless than this mninum need individual exam nation
to determ neyhwpet her they should be included in the nodel [0070] The data
set used to calculate the SIN shoul d exclude any | ong periods of

steady-state operation since that will cause the estimate for the noise
content to be exdessi vdhgcpaegeiilieredoadies Correl ati on Test we 20061031635
PCT1US200S103209+ - 20 %0071};} T]ﬁ: cr,oss correlation is a neasure of the
i nformation redundency PHETCYIRBS flEedy2l88  The cross correlation between
any two signals ks cal ’ | cul ate the co-variance, Sik, between
each input pair, I}?“ andﬁﬁé%&ﬁgnﬁfaw %aluga
P the exponential filter constant
T, the sample time of the measurement
T the filier 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

S/N=0v/ Cg Equation 4

(. ' [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 individnal examination io determine whether they should be

included in the model

[0070] The data set used to calculate the S/N shounld 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



Sik = N Z (X, =kXkzZ (F X;) (E Xk) Equation 5 N¢‘(N-1) 2. Calculate the
correlation coefficient for each pair of inputs fromthe co- (. variance:
CCG k = S;kl(sSn*Skk) Equation 6 [0072] There are two circunstances, which
flag that an input should not be included in the nodel. The first

Ci rcumst ang@ »@ffYe3s When there is no significant correl glion hetuecn a
particular input and the rest of the input data set. For "each 1nput, there
nmust be at | east one other input in the data set with a significant
correlation coefficient, such as 0.4. [§Q73] The second circunmstance occurs
when the sane input information has beén (accidentally) included tw ce,

of ten through sone cal cul ation, which has a different identifier. Any input

pairs that Lbit gorrelation coefficients ar_one (for ex | e .above
5205) nood U101 auRe RshiorRFGAR foR BuNR ofdhe HOTRelOR S ITIARG Geanoul d
be i ncl uded i he | s hysical Ly, - i t but

| ogi cal ly ﬂ@&g% eﬁ?fﬁ ms%\ﬁgﬂﬁ?é‘g’%?g‘é’%&?‘ﬁ%mﬁ?ﬁ%é cg‘ggl&??‘g pendentl|y
measuring the same process tenperature) then both these inputs should be
included in the del. [0074] If ¢ i nputs are transforpations of each
other (i.el; ta@ﬁ@-aﬁawﬁsﬁe%v@@@@sﬁwwaﬂr@hﬁﬂture) the
preference is to include the neasurenent that the operator is famliar
wWith, unless there is a significantly inproved cross WD 20061031635
PCT1US2005/ 032094 SRE Nb2r @ 20{9r (B&,WweeafL pe of these neaBquatiemsSs and t he

rest of the dataset. Then thes*gQeyw th the higher cross correlation should
be included. 3) Identifying & Handl'ing Saturated Vari abl es

2. Calculate the correlation coefficient for each pair of inputs from the co- ¢
variance:
CCik = Su/(Si*Siw)™” 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



10075] Refining and chem cal processes often run against hard and soft
constraints resulting in saturated values and "Bad Val ues"” for the nodel

i nput s. w@gmg &onst raints are: instrunent transmtter hi gh and | ow ranges,
anal yzer" CTanged” maxi mum and ni ni mum control val ve pBSVPS¥AY9328Hd process
control application output limts. Inputs can fall into several categories

with regard to saturation which require special handling when
pre-processing the inputs, both for-%bdel building and for the on-line use
of these nodels. Bad Val ues [0076] For standard anal og instrunents (e.g.,
4-20 mllianmp electronic transmtters), bad values can occur because of two
separ at ecargdstiiosbetwEre caetafdhesermeansementdianid ¢he iest ofi thei digasehe Themge of t he
field transmtter The connection with the field has been broken [0077]
Wien ei ttheongwithBwchighergrropprareleiion shewld bsipeludsdcont rol system coul d be
configured on an individual measurenment basis to either assign a special
code to the value for that neasurenent to indicate that the neasurenent is

a Bad Va)ueldeatifing daHandling Saturbtesht Vadatdes/al ue of the measurenment. These
values wi Il then propagate throughout any cal cul ati ons perforned on the
process control system Wen the "last good val ue" option has been

conf i gurfp@7sy Ni s Kefhing 8A8 chémgdal SesCtehUuntdoaitfst hiRt akl @feli fficult to
detect and exclude. Typically WO 20061031635 PCTUUS2005/ 032094 -22 when the

"Bad Valsmistraterdseltivganagairattdivalwssgindt Badsyalues! farlthe amdelimintons  whi ch
depend on the bad neasurenent will be flagged bad as well. 100781 Regardl ess
of the dpommmcentsiginte dreomnsthengnidrapspiidarhigblandJewamnges; Avglyzen me peri ods,
whi ch i ncl ude Bad Val ues shoul d not be jncluded in training
( ranges, maximum and minimum control valve positions, and process control
_. application output limits. Inputs can fall into several categories with regard to
saturation which require special handling when pre-processing the inputs, both

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

10076] For standard analog instruments (e.g., 4-20 milliamp electronic

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

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

( a 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 2 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



or test data sets. The devel oper needs to identify which option has been :
configured in the process control systemand then configure data filters for
excl udi ng sanpl es, which are Bad Val ues. For the on-line inplenmentation,
I nputs nust be pre-processed so that Bad Val ues are fl agged as m ssing

val ues, regae@sssof Which option had been selected o contr ol -
system [0079] Those inputs, which are normally Bad Valnpéﬁﬁ%ﬂ’[]‘g@?@%m ve

time periods should be excluded fromthe nodel. Constrained Vari abl es
[ 0080] Constrained variables are ones re the neasurenent is at sone
limt, and this neasurenent nmatches an atfual process condition (as opposed
to where the val ue has defaulted to the maximumor mnimumlimt of the
transmtter range - covered in the Bad Val ue ectlon)m ﬁlgl S, process

{

situation WAgn teddad V@}U @%ﬁ Pﬁﬂé’é%tﬁ@ﬂmﬂ@g iths sy CACBIALOBS oy ¢

normal ly in cep ec | de d|t| s, for exanple
pressure I’gﬁ%lléhf ‘?H%@@&heﬁﬁgmﬁaé@%ﬁt“&ﬁuvbﬁﬁ j}al Wetrer e these override
conditions are active should be excluded fromt he trai ning and validation
data set b settln up data filters. For  the on-line inplenentation these

override e @8&1@]@&& okthernpiionsionfigushen thepropesonsiel sysieise| ect ed
System i o a@%%é%ee?pp (ot PR Gl JEL Y Az ADARE T SE dueugpRiBEARERS i i 1 o
cat egor i 50" Bof fﬁ%@ée&p%ﬁl.ec%f(’i’%8@@%@?@?@2’%@%%Pééﬁ 18eHdee. which are
normal Iy  configured in the process control system and then configure data filters for
excluding samples, which are Bad Values. For the on-line implementation, (
inputs must be pre-processed so that Bad Values are flagged as missing values, |

regardless of which option had been selecied on the process control sysiem.

[0079] Those inputs, which are normally Bad Value for extensive time
periods should be excluded from the model.

Constrained Vanables

[0080] Constrained variables are ones where the measurement 1s at some

fimit, and this measurement matches an actral process condition (as opposed to

where the value has defaulted to the maximum or minimum lmit of the (
transmifter range - covered in the Bad Value section). This process situation can -

occur for several reasons:

¢ Portions of the process are normaily 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



saturated. Those inputs, which are normally saturated, should be excluded
fromthe nodel. Those inputs, which are only occasionally saturated (for
exanple |l ess than 10% of the tinme) F can be included in the nodel however,
t hey sholPdsd3E8al ed based on the time periods when PeBEYSHOIS0NML
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 parjcular: The variation of controlled
variables is significantly reduced so that novenent in the controlled
variables is primarily noise except for those brief tinme periods when the
process has been jhi WM Sl skl &AM s Al e or the
oper at or has int.en??%ﬁgﬁ%gﬁ%l\f;ﬂe S%Eteeh(i)peraﬁq%gqg?&g t@%@ﬁ%ﬁ% ng key
setpoints. The norﬁgﬁdjnmlﬁb@éss@pefa@inr&;hﬁnﬁg%f ekAfllevbiad spec lisnity. ansf err ed
by the control systemto the nmanipulated variables (ultimately the signals
sent to the contr ol Thedewsssirainthiypidailydnll ih082] calbgories: rttoseper at i ons  of
refinery and chem cal processes are wusually controlled by two different
types of control stwhitharesccasienallyastimaiad ansbthose | whish @sgisermallipwn i n
Figure 6) and the nore recept myltivariable constraint contro rs, MVCC
(shown in Figure 7)3.3‘5‘3’@3259%@1}%]!83@3{3@@ QQQF@QEE%M@@& 5&‘73“& @cting

nodel inputs from casgade, structures . [0083]. Figure.®8 sho a typical
"cascade" process c‘?‘fﬁﬁ?‘gﬁd ﬁ%ﬁgﬂﬁ’%&r‘ ’PRQ#IBHugSWEHQ%eW O\s'%fnmn control
structure for refinyQg.RndigeMkA8h (R R&EPESless than 10% of the time)

C 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 signiﬁcanﬂy 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.

¢ The normal variation in the controlled variables is transferred by
the control system to the manipulated variables (aitimately the
signals sent to the control valves in the field).

[0082]  The normal operations of refinery and chemical processes are
usually conirolled by two different types of control structures: the classical
conirol cascades (shown in Figure 6) and the more recent multivariable

constraint controllers, MVCC (shown in Figure 7).



Al t hough there are many potential nodel inputs fromsuch an application, the.
only ones that are candidates for the nodel are the raw process neasurenents
(the "PVs" in this figure) and the final output to the field valve. C

[0084] Although it is a very inportant measurenent, the PV of the ultinmate
primary of de control structure is a poor candi l.ncl usi on
in the m‘ggrhsoﬁ%ﬁ?[ggneasurenent usual ly has very Iim tedﬁiﬁt{%{?ﬁ%{m%"nce t he
obj ective of the control structure is to keep this neasurenent at the
setpoint. There can be novenent in th fv of the ultimate primary if its
setpoint is changed but this usually 1S infrequent. The data patterns from
occasional primary setpoint noves will usually not have sufficient power in
the training dataset for_ ,the podel to_characterize the data pattern. [0085]
Because of 1} higlegiing made! inpuis FrEYy caseads SI¥dUkase data pattern resul ting
fromchanges in the setpoint of the ultimte primary, when the operator
makes this setpoint nove, it is |likely to cause a significant increase in

t he sum of [0083dar edFigneedt showna eypical, "caRBEdel poeceso tonthel appliehtioiConsequent |y,
any change in_the setpoint of the ultimate primary_is a_ candidate trigger
for a "knowhighisrtvery ¢pprmen corirol sigehme der raiining and chemicahprreesses. ul ti mat e

primary setpoint, the "known event suppressipon' logic wil] automatically
renove i tsA&%PESh thers &g H@DYS’P@”@&[ E‘lﬂléﬁf TS ﬁ'@@fe%ac%mr&l%@ﬂdgsm oper

i nclude th V_of e ulti e prismary int e |, thi ur enent
shoul d be oul e shlGu shndGs Rin Rinlodel ufe iRy BGess e TP BRTL e
operator h ® : | FR | has noved close to
tﬁe val e o thwﬁg\?lvgg%?gglﬁﬁétP%d;@eexangpgmvtvit% %nﬁ%@o‘)o oi 'the new WO
20061031635 PCT/ U82005/ 032094 -25 (

[0084] Although it is a very important measurement, the PV of the ultimate

primary of the cascade control structure is a poor candidate for inclusion in the
model. This measurement usually has very Jimited 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 nltimate 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 ultitnate primary is a candidate trigger for 2 "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



set poi nt change thus if the setpoint change is from10 to 11, when the PV
reaches 10.95) [0087] There may al so be neasurenents that are very strongly
correl ated for exanple greater than .95 correlation coefficient) with the
PV of t NEOOREPE Prinary, for exanple redundant thePGRABSAOPES20%0Cat ed
near a tenperature neasurenent used as a PV for an Utimte Primary. These
redundant neasurenents should be treated in the identical manner that is
chosen for the PV ~. of the Utinmt&5rinmry. [0088] Cascade structures can
have setpoint limts on each secondary and can have output limts on the
signal to the field control valve. It is inportant to check the status of

t hese peegpint@hhbge onstif diogwipsineciaigens filvtn $6eoMhethen thd BV measur enent
associated with a setpoint has been operated in a constrained nanner or

whet her redohesii@®3) to the field val ve has been constrained. Date during
t hese constrai ned operations should not be used. 2) Selecting / Calculating
Model I nputs fromMiltivariable Constraint Controllers, M/CC [0089] Figure

7 shows [g08FPi calThMGaap aReassSmeadireMenaiRhi Soticeh suwﬁg'lzmorﬂesat@d very conmon
control structure for refining and chem cal processes.  An MWCC uses a

dynam c (fatdxenmie gedaterdtah . Q5ocqraldiion coeffictdnnoith the PvhehiheWlhmede var i abl es,
Ms, (usually valve positions or setpoints of regulatory control | oops)

will ch&’if'gﬂﬂdofﬁgrﬁﬂﬂlldﬁ refhindent tosnpeonpleclesatedmear avpmpeataites, pressures,
it ' } An MVCC

tC Sngﬁihtr%%ums il é@gﬁ%ﬁﬁi\ffwwﬁﬁ@fﬁéﬁeﬁé&@ - nobeseeteidaphose |1 i ts can be

The. munias{Ferpein? Sudoli e HeateEREin 8 dderifcaf AL gl s hofih ot 8T 51 e

nur@er Ot thd/r16AGCoRhaey.| er is allowed to manipulate minus the nunber of

[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

u"_“\.

[0089] Figure 7 shows a typical MVCC process control application, which
1s a very common control structure for refining and chemical processes. An
MVCC uses a dynamic mathematical model to predict how changes in
ménipulated 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 Jimits and are determined by an external optimizer.
The number of limits that the process operates against will be equal to the

number of MV’ the controller is allowed to manipulate minus the number of



WD 20061031635 PCT/ US2005/ 032094 -26 materi al bal ances controlled. So if an .

MVCC has 12 Mvs, 30 CVs and 2 levels then the process will be operated
against 10 limts. An MWCC will also predict the effect of neasured | oad
di sturbances on the process and conpensate for these |oad disturbances

(known as Wg({og,ﬁmgéj vari ables, FF). [0090] Whether or H’%"@ﬁ%g‘%ﬁé%“or cv

IS a good candidate for inclusion in the PCA nodel depe

percentage of tine that MV or CV is held against its operating limt by the

MVCC. As discussed in the Constrained Variables section, raw vari abl es that

are constrained nore than 10% of the tin8 are poor candidates for inclusion

in the PCA nodel, Normally unconstrai ned variables should be handl ed per

t he Constrained Variabl es section di scussi on. 009%}] | f an unconstrai ned W
Bp

is ? 365 pomteﬂddmlﬁwgapan@eyecb@?qif?n NSU&C hﬂﬁl 2 M¥spa ﬁftVsSaq}sh? sl hbeI .
e 143 B AR SRl BRI BN Bl ™
1ol d val v EEpas e e 8 iR PR RS e oipe BBl W0ReRE 15 e

NEasurerrentlgad Réi)aﬁ@%@(En‘i(ﬂ?ﬂ%ﬁ%éﬂggfrﬁrg%ﬁtaﬁl@sdﬁﬁbases can have a

significant redundancy "‘anong t ate rnputs’into the PCA nodel. One
type of redundancy is "physical redundancy", where there are nmultiple

othor i nif09dle P ORERE  Snrant S RECH isch B0 BT Seballispr 8 1 ° °°
o new vap DoruipErddends IR BelcMaBRal M FLEMP o TS A ARy 127
cal cul at ed jfgrapRyatil g imittycthe MVCC. As discussed in the Constrained Variables ¢
section, raw variables that are constrained more than 10% of the time are poor
candidates for inclusion in the PCA model. Normally unconstrained variables

should be handled per the Constrained Variables section discussion.

[0091] If an unconstrained MYV 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

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).



fl ow nmeasurenents). a WO 20061031635 PCT1US20051032094 -27- [00941 As a
general rule, both the raw neasurenent and an i nput which is calcul ated
fromthat neasurenent should not be included in the nodel. The general

pr ef er e¥Q@WWBY3F el ude the version of the measur emenPCT/HSR003/P82093r ocess
operator is nost famliar with. The exception to this rule is when the raw
I'nputs nust be mathematically transforned in order to inprove the
correlation structure of the data fo27the nodel. In that case the
transforned variable should be included in the nodel but not the raw
measurenent. ~f [0095] Physical redundancy is very inportant for providing
cross valgpgd] i on Ad abendral ke Both iRerdwP dflasunent 8RA ah Fhpditlibch 1iaw
nmeasurenents, which are physically redundant should be included in the
model . \itedeulbied feom thatantaugememnishivald nét hinsheizt iy thethoddhAtheneasur ement s,
t hese nmeasurenents nust be specially scaled so as to prevent themfrom
over whel ganegalipefesasiceds fainchide iheivessipn of Sunmenunementsdat thereessi on on

var1 2Dl o SCal Wb A SSIDD, Y S5 SHATRl B 05 Ue LLom A Letge number of
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correlation or exanpl e above y examned to

cl assi f yinchiled i the' madeEbhitthifn (hdysr aflabirehgiendant or cal cul ational l'y
redundant. M Historical Data Collection [0097] A significant effort in the

devel opnent lies in creating a good
[0095] Physical redundancy is very important for providing cross validation

information in the model. As a general rule, raw measuremenis, which are
physically redundant should be included in the model. When there are a large
numober 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 .f

reactors to catch reactor runaways.

[0096] When mining a very lai'ge database, the developer can identify the
Q 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 calcnlationally redundant.

II1. 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:



training data set, which is known to contain all nodes of normal process
operations. This data set should: WD 2006/ 031635 PCT/ US2005/ 032094 -28

[ 0098] Span the normal operating range: Datasets, which span snmall parts of
t he operating range, are conposed nostly of noise. The range of the data
conpared t@dg of the data during steady state op QDS ol good
indicationﬁgf ?ﬂgﬁgﬁﬁlity of the information in the data?g?hkﬁgﬁﬁgﬁwﬁnclude
all normal operating nodes (including seasonal node variations). Each
operating node may have different correlgtion structures. Unless the
patterns, which characterize the operafiig node, are captured by the nodel
t hese unnodel ed operating nodes will appear as abnormal operations. [00100]

Only include rmal operating data: |f strong_abnormal  gperatin data is
i ncl uded iﬂﬂlﬁ%ﬁ tr a5ﬁ¢’h§1ed&fﬁ%agf’ﬁ%’”%’6e’r“"8ﬂ ?Dﬁ{@f:féké’lllﬂﬂ‘% %&é@ﬁh@@@
e

abnormal operations.as_nornmal operati.ons, sequent | wh e nodel is

| at er corrpé’ él&e PRTANNE Figendle 8 né*?#@ﬁ?“ﬁ%%oﬁﬁér&?t&ﬁhéﬁ%‘nor mality
operations, ' . j, K1 j bl t he data
used in thgoo - |neﬁg33 %}ﬂﬁ?hﬁéﬂ%@%@%@%ﬁéﬁ ?ﬁerﬁfg&%ﬁg\% I'ng spot val ues
at a frequendi¥ati@pbf iR ﬁfy oPtheehRiFnatioh intROaa@Eetevent . For conti nuous
refining and chem cal perations this sanpling frequency wll be around one

mnute. Wthin the limtations of the data historian, the training data
houl d b [ - 1 ' .2.[ 00102] Th
spoul 3 e, 0S8N Rt Ay R0Ral PR Iolaet PUFRNRR SRRPRPhfacl 20107 T
(usual |y T gbfiioh 3 FeactopdrifRfY A8k e PhdRNiffelont dofieldiion dhfbchggbve those

T
time periods wth ‘obvious o ocune abnormal events. By using such a
Unless the patterns, which characterize the operating mode, are captured by 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
ébnormal 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 monihs), then try to remove those
time periods with obvious or documented abnormal events. By using such a

long time period,



tong tinme period, WO 20061031635 PCT(US20051032094 -29 the snaller
abnormal events will not appear with sufficient strength in the training
data set to significantly influence the nodel paraneters nost operating
rmodes shW@ W04i@3keSoccurred and will be represented i nPChaScmsa32084

Hi storical Data Collection Issues 1) Data Conpression [00103].- Many

hi stori cal databases use data conpression to mnimze the storage
requirenents for the data. Unfortunateghy, this practice can disrupt the
correlation structure of the data. At the beginning of the project the data
conpressi on of the database should be turned off and the spot val ues of the

data historized. F| 'I 1.0g,;: sed data
whenever possi bl &. véerpgg‘gélgJ ?ﬁﬁ%\g% I"‘gﬂl @a@géaggvelg{]un: {segﬁt hey are the
only data avail ablg 'ﬁf&mlﬁﬁgﬂﬁﬁs%?ﬂﬁlgﬁiﬁdiﬁﬂzlﬁﬂ@é@@%@va' | abl e. 2)
Length of Data Hi story 0104 For The nodel properly represent the

normal process patt gidgiel] metéfsal ning data set needs to have exanpl es of
all the normal operating m)des normal operating changes and changes and
normal m nor di sturbances that the process experiences. This is

acconpl i shed by usi mypsdaperatingmmaodsrshauldhayepercuortd anfl wilbbess oper ati ons
(e.g. 9 - 18 nonths). In particular, the differences anong seasonal
operations (spring, Imrwedfraﬂhlechlﬁﬂ Wi nter) can be very significant wth
refinery and chem cal processes. WO 2006/ 031635 PCT/ US2005/ 032094

A. Historical Data Collection Issues

c

1) Data Compression

[00103] Many historical databases use data compression to minimize the
storage requirements for the data. Unfortunately, this practice can distupt 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.



|

-30 [001051 Sonetines these long stretches of data are not yet avail able
(e.g. after a turnaround or other significant reconfiguration of the
process equipnment). In these cases the nodel would start with a short
initial set of training data (e.g. 6 weeks) then the training dataset is
expanded as further data is collected and the nodel updated nonthly until

t he nodel s WO208643635i zed (e.g. the nodel coefficients dopcT/ushmpysesd th the
addition of new data) 3) Ancillary Hi storical Data [00106] The vari ous
operating journals for this tinme period should also be <collected. This wll
be used to designate operating tinme periggs as abnormal, or operating in
sone special node that needs to be excluded fromthe training dataset. In
particular, inportant historical abnornmal events can be selected from these

| ogs to act st 0, | - ur enent

Hi story [OO!L@?]Ot5 te%&égﬁ%%?metégz%@ggégﬁegﬁfe#ﬁ%g{epu?@% E‘é{é&%ﬂ%}lyﬁ?gt orized in
t he pl ant ' i o e AT ' I | d
e at el v e U B B e Y0 06

A d data tha theee basegehie piodpEwould gpnesignt shohéntial sanif tRitingskita @per at i ons
shoul d be renoved fromthe training data set. After a nmjor process

modi fi cat i of,weelks) theaithe trgindng dataset iPErpamid asrfaythaedata tocdléecteband thef r om
scratch. If a particular type of operation is_no |onger being done, all data
from that hupdHed ﬁmmléymtﬂéhﬁﬁ@delsﬁwtaﬂwmad#@-ﬂgewgl set. WO
20061031635 PCLI US20051032094 .-.31 [ 00109 erajing logs should be used to
i dent i fy whepekiqent; denkchapse W%gﬁe adattion of Revw taia)

3) Ancillary Historical Data ¢

[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 controlier outputs are not historized in the plant
process data historian. Historization of these values should immediately begin at C

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 rebuili 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.



under different operating nodes. These different nodes may require separate
nodel s. Where the nodel is intended to cover several operating nodes, the
nunber of sanples in the training dataset from each operating nodel shoul d
be apprgy zequivalent. 6) Sanpling Rate [00110] _The devel oper shoul d
gat her ;géggg%g#%ﬁths of process data using the site'gcﬁﬁﬁg@an dstorian
preferably getting one mnute spot values. If this is not available, the

hi ghest resolution data, with the | easf anmount of averaging should be used.
7) Infrequently Sanpl ed NbasurenentS‘? 0111] Quality neasurenents (anal yzers
and | ab sanpl es) have a nuch slower sanple frequency than other process
measurenents, ranging fromtens of mnutes to daily. In order to include

Birenitap

t hese qrating éogrodenlchbe usad foridentsl yewhemiheeprotesshuaserigual i t y

0F ' contidricgRLPRtaS horate Thrs diffyEHaTRge Moy FeUlbre Pl 0 Do
becorms TEcRRRYbER 8 molfe! Sltidelito B misyE e EBatibeis Menot ati on
Gata 1 <P of Rnies e theiine WRREIRoN itk odepilh BlodeY afBld b 001 62

can bi asgifi8xintREllequi¥i@est r at egy of using |arge quantities of historical
data wil | "conpensate to sone degree the nodel bias caused by abnor nal

operating in the training data set. The nodel built from historical data

t hat pre&a;;g%égﬁ%gggét of the project WO 2006/ 031635 PCT/ US2005/ 032094 - 32
nmust be Te suspicion as to its quality. The initial training

dat aset

( - [00110]  The developer should gather several months of process data using
the site’s process historian, preferably getting one minute spot values. If this is
not available, the highest resolution data, with the least amount of averaging
should be used.

7 Infrequehtlv 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 abrormal 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



shoul d be replaced wth a dataset, which contains high quality annotations
of the process conditions, which occur during the project life. [00113) The -
nodel devel opnent strategy is to start with an initial "rough" nodel (the
consequence of a questionable training data set) then use the nodel to
trigger the gathering of a high quality training data set. As the nodel is
used to nOWDRAS/BNBSprocess, annotations and data w || becgatlhesedinan
normal operations, special operations, and abnormal operations. Anytine the
nodel flags an abnormal operation or an abnornmal event is mssed by the
model , the cause and duration of the evgnt is annotated. In this way
feedback on the npdel's ability to nonitor the process operation can be
incorporated in the training data. This data is then used to inprove the

nodel , whi ch..j . ' . 0 e L (.ai ni ng
data. This g‘r‘iéﬁléés sa%gg’é%’to%léﬁ@ﬁd. %ﬁtésoq 1) 521 FIlhg ?éf;,t%;[ ggﬁ@{]%%t_aﬁqtv_ Data &
Process AnakN&il§ perepRbid dithRPH8sdPabRic @Intahs hi%péliﬂitg Qﬁhﬂﬁﬁbﬁﬁof)@i@ ating
| ogs and exam ning the process key " performance 1hdrcators, the historical
data is di viptsesd omditions, artsichiocbukdwimy thelprejerrlifeoper ati ons and peri ods

W th no identified abnormal operations. The data with no identified
abnormal operations will be the training data set. [00115] Now each

t t ' | | st : - \Wagtn t i
candi dat o 1 BVDRY 1 P IRE nRAREUBEORAEN, st R g oter, RN TSI o wdea

are: 9 Thosegngiel Qh%@ﬁséq%@ﬁcé’éf hﬁﬁéstﬁ:fnabie”@aiﬁﬁlg"@ﬁg s thkh naAQhe QRGP 31635
PCT/ JS200SI 03209 -33 hose with many | ong periods Of tine pegged to their

transm tter to trigger the gathering of a high quality training data set. As the model is used

—

to monitor the process, annotations and data will be gathered on normal (
operations, special operations, and abnormal operations. Anytime the model

flags an abnormal operation or an abnormal event is missed by the model, the

cause and duration of the event is annotated. In this way feedback on the

model’s ability to monitor the process operation can be incorporated in the

training data. This data is then used to improve the model, which is then used to
continue to gather better quality training data. This process is repeated until the

model is satisfactory.

IV. Data & Process Analysis

A. Initial Rough Data Analysis ( :

[00114]  Using the operating logs and exarmining 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:

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



high or lowlimts Those, which show very little variability (except those,
which are tightly controlled to their setpoints) Those that continuously
show very large variability relative to their operating range Those that
show | i twibeoagro3nesscr oss correlation with any other ne n lh the data
set Those with poor signal to noise ratios [00116] V\h?ﬁg}[@g@%ﬁpﬁg t he
data, those tine periods where neasurenents are briefly indicating "Bad

Val ue" or are briefly pegged to their,jransmtter high or lowlimts should
al so be excluded. [00117] Once these excl usions have been nmade the first
rough PCA nodel should be built. Since this is going to be a very rough
nodel the exact number (_of principal conponents to be retained is not

i nportant. This W | Thesgpwihimanylongrnenieds ofdisne pegeed nibeir easuitarent s

i ncluded in the m)da%h1 Ttle unmber of PCs should ultimately match t he nunber
of degrees of freed i QT ‘P W Bcess, however this is not usual 'y known
since this includes all the different sources of process disturbances.
There are several sftandard . methods for determ,ping how _ many _principal
conponents to i n® u QS%“QBCIbﬁhQ‘ﬁiV§1'}é11§E‘eVN?$lGW xeqntdbpsca bR  t o

vari abl e scaling sh be used: scale all variables to unit variance. X _
(X - Xavg) / 6 Equaﬁgf&&yw@%ﬁ)@fgglfﬁ Oﬂiéﬁfuszoow 032094 -34 [00118] The
training data set should now be run through this prelimnary nodel to

denti fy ti e pety oRfol el ecafiitate SRRPvEIIaf Gty FBHRLe Jhese i e

peri ods shoul d be exam ned to see ether a ent was
their operating range

( s 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.

[00127] 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 mumber of
PCs should ultimately match the number of degrees of freedom in the process,
however this is not nsually known since this includes all the different sources of
process disturbances. There are several standard methods for determining how
many principal components to inclnde. Also at this stage the statistical approach

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

X' = (X - Xpe) | O Equation 7



0CGL 2 : “PETNe case, then thése tine
periods should also be flagged as tines with known abnormal events .
occurring. These tinme periods should be excluded fromthe training data set
and the nodel rebuilt wth the nodified data. B. Renoving CQutliers and
Periods of Abnormal Operations [00119] Eli m nating obvi ous abnornmal events

w il be do the follow ng: [00120] Renbvi ng do ts. It
is very ragﬁ)#ﬁéﬁggg a conplete record of the abnornal g@iﬁﬁhﬁg@g%gc at a
site. However, significant operating problens should be docunented in
operating records such as operator |o0gs,,40perator change-journals, alarm
journals, and instrunment maintenance reb%%ds. These are only providing a
partial record of the abnormal event history. [00121] Renoving tinme periods
KPl's, are ., abnormal . ucﬂﬁggasurenents as

}Ak;g;er ;te )és pfﬁm{] C’TE‘I? gfglllﬁﬁé Béﬁéﬂ ﬁl?éllli P?Wal?eezu(;’_cw P‘rl" B Yance
Speci i ot o"RE b EATES RS EY msGh oBS bb{ RARnlic idet et
measur enment Mq%énd&%hm H g}ﬁdl_t%nga 85ked ?ﬁgﬁgg %‘Br&g%nﬁﬁ L adswaf abnornal

r
operations. Figure 9 shows a togram o I nce the operating goal

for this KBbedrfingt exiifez 9f this istjidg@Pey B iedcAze] thef thaveaife Péﬁédﬁp! is |ow
are likely abnorrmal operations. IJr oCess qualities are often the easiest

KPl s to anakhad atsoneeflafeedogpt timenwithdmawimabianad avests cecspmg. fTiesei on

limt and they are |ess sensitive to nornal feed rate variations. WO
20061031635 timgmnerszbehooBbooaxcludst fron the ipsemisgtdaty setandibe swdeboindl By

noi se we are .referring to, the high frequency content of the
with che moc%?led data. g g y

B. Removing Outliers and Periods of Abnormal Operations

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

following:

[00120]  Removing documented events. Ttis 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, KPIs, 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 usvally give a clear indication of periods of abnormal
operations. Figure 9 shows a histogram of a KPI. Since the operating goal for
this KPJ is to maximize it, the operating periods where this KPI is low are likely
abnormal operations. Process qualities are often the easiest KPIs to analyze
since the optimum operation is against a specification limit and they are less

sensitive to normal feed rate variations.



™

neasur enent signal which does not contain useful information about the
process. Noi se can be caused by specific process conditions such as

t wo- phase flow across an orifice plate or turbulence in the |evel. Noise
can be cHORSF/HN635e| ectrical inductance. However, signPETMSPIOSPIWEESS
variability, perhaps caused by process disturbances is useful information
and should not be filtered out. [001231 There are two prinmary noi se types
encountered in refining and chem cal3process nmeasurenents: neasurenent

spi kes and exponentially correlated continuous noi se. Wth neasurenent

spi kes, the signal junps by an unreasonably |arge anmount for a short nunber

of sanpl@s OehfpesaigforNgisd 0 @ value near its previous value. Noise

spi kes are Tenoved using a traditional spike rejection filter such as the
Union filter. [00124] The anmount of noise in the signal can be quantified by
a measur[®01RAbwn B noise ves gisarfarong to the highifeequeney Epgigneofi®e. This is

defi ned th ti, f t of. si l. I api | it t

oo AL oo BT oSSRl SRl o 0 PEOOES%,

A I bel f ' t vpi cal I f I ndi gati hat, t h ' | h

A2t LY, e i By RS ) S DG 2.,

the devefjgpefcy %%%Hff:feﬁpl%teébﬂﬂﬂ%ul%éeﬁnﬁh@ 'Pé\?él.cﬁﬂﬁsé‘é‘dﬁﬁe czgﬂ@d% eds to make
I CesS. oraer o es I X t

one of three cho _ pref'erence, t e are: he signal by
removi nga1édsﬁc§pwdﬁet@t:e.t'H@wwbﬁ%igxﬁﬁ@mﬁgﬁbces@%mbﬂié@%émg% daufedi M ze the
noi se through filtering techni ques WD 2006/ 031635 PCT/'US2005/ 032094 - 36
Excl ude Whpresiegndistifrbanoet heusafokinf(iogkkiz ) anid/shiondd npt befiltsiegmits Wi t h si gnal
to noise ratios between 2 and 4, the

C

[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 filier such as the Union filter.

[00124] The amount of noise in the signal can be gquantified 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 significént noise,

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

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

answer)

¢ Remove / minimize the noise through filtering techniques



exponentially correl ated conti nuous noise can be renoved with a traditional .
| ow pass filter such as an exponential filter. The equations for the
exponential filter are: Yu =P * Y'-"+(l -P) * X Exponential filter
equation Equation S P = Exp(-T5ITf) Filter constant cal cul ati on Equation 9.
Yis the I tered value Y'" is the previous filtered value X' is the
current ﬁgévzéﬁa%fo I(b Is the exponential filter constant KEIpR20p3fe2 'ggérrpl e tine
of the measurenent Tf is the filter time constant [00127] Signals with very
poor signal to noise ratios (for exanple less than 2) may not be
sufficiently inproved by filtering tectthiques to be directly included in
the nodel. If the input is regarded as inportant, the scaling of the

vari abl e should be set to de-sensitize the nodel by significantly increasing
the size of the scaExolpdedhe signgl frpinctheigodnl a factor in the range of 2 -
10). D. Transforned Vari abl es [00128] Transformed vari abl es should be

I ncl uded | éﬁﬁ ]d for two different reasons. [00129] FEirst, based on an
engi neerlng’l | yshwies xfmsw@ésm swmlmﬁmseaaaosmtw@g & wleith thery, known

non-1linearities.i the ess. shoul d. be t ansfor aq\%lnclug&%lnthe
rodel S O Rially comelieelcanBint RS ngise Se be JomRXEd VA :
PCT/ US200 ' ,
significa ﬁz@s@ %%ég%hgga%%ac pne(r:tll‘l%l ﬁﬁ}gﬁ%ﬁ@?,ﬁp ﬁégofv\ﬁh P%ﬁébé%ﬁ(%gg@ﬁlaz ﬁi S

correl at|%_structure and show up as a

Y°=P* V™4 (1-P)* X*  Exponential filter equation Equation 8

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

Y"is the current filiered value

Y*!is the previous filtered value

X" is the current raw value

P is the exponential filter constant

T, 1s the sample time of the measurement

Teis 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. Trapnsformed Variables

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

different reasons.

[00129F  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



deviation fromthe nodel. This will affect the usable range of the nodel.

[ 00130] Exanples of well known non-linear transforns are: Reflux to feed
ratio in distillation colums Log of conposition in high purity

distill av0oomePreessure conpensated tenperature nmeasur emeEntiszoosmsg@st r eam
yield Flowto valve position (Figure 2) Reaction rate to exponenti al

t enperature change [00131] Second, the data from process problens, which
have occurred historically, should al¥pb- be exam ned to understand 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

f1 oodi ng Reiablesiif thepoaeHaretsarlylddereliabd i PhitiRatf %ro%és' orleaﬁia;ﬁﬁé;ﬂ _
exponentially. Since tower flooding is pickéd up y the break in this

l'i near caronehndarities vidltbreale doenphissomredationdsthestdrer atdesholvoup ds be i ncl uded.
As anot her exanpl e, catakyst f[qgéfroblens can often be seen in the delta
pr essur esleviationeremahe teodali This wdl affseighe ustble mangaiofidetthedadbsol ut e
pressure nmeasurenents in the nodel, the delta pressures should be
~calculated and included. E. Dynamc Transformations [00132] Figure 11 shows

how t he J00t3%)s d¥xamiples ewelkabwhindhinegardmet@imoaebet ween the current
val ues of two neasurenents. During the WD 2006/ 031635 PCTns20051032094 - 38

transition tinme one value is constantly changing while the other is not, so

there is no corr el aRéfix befordaand e disuliagsh ceRltigs during the transition.
However these two neasurenents can be brought back into tinme

synchroni zation by L o
* Log of composition in high purity distillation

e Pressure compensated temperature measurement
o Sidestream yield

¢ TFlow to valve position (Figure 2)

s Reaction rate to exponential temperature change

(00131} Second, the data from process problems, which have occurred
historically, shounld 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
C 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. Dvnamic Transformations

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

correlation between the current values of two measurements. During the



transform ng the I eading variable using a dynamc transfer function. Usually
a first order with deadtine dynam c nodel (shown in Equation 9 in the
Laplace transformformat) is sufficient to tinme synchronize the data. Y (s)
=e- OS5Y (S Equation 9 Ts+l Y - raw data Y' - tine synchronized data T -
time constant O - deadtine S - Laplace Transform paranmeter [00133] This

t echni que V80 @Wk@31sdded when there is a significant dynaggus6@Ra5@aYL1 on

bet ween vari abl es used in the nodel. Usually only 1-2% of the wvariables
requires this treatment. This will be true for those independent variables
such as setpoints which are often changeg in large steps by the operator and
for the neasurenents which are significantly upstream of the main process
units being nodel ed. F. Renpving Average Operating Point [00134] Continuous

oper at 1 g AORRER il P SRR ol daff %ﬁ&?ﬁbé&ﬁ@@? ofRAF BoL e ot or o

an optimz & @lﬂe‘%] an be
due to sl o?édp@g%égétg&% angeéqggcﬂﬂas eat exc atrf]%gfra?igiﬁ%{nl n%gf)v?{’%@%ﬁ%ist
deacti vat i afwo reeavesment cdn beholgy bhek dnlotithe kyadtabh@BasY byThese operating
poi nt WD 20061031635 PCT/ US20051032094 -39 changes need to be renoved to
create a sttetnsforanyg disdt ading Arisblowisnag hhbnamic ansfes furctione disilallyappear as
abnornmal events.

first order with deadtime dynamic model (shown in Equation 9 in the Laplace

iransform format) is sufficient to time synchronize the data.

Y(s)= e @s Y(s) Equation 9 (
Ts+1 B

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

a

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



-[00135] The process neasurenents are transforned to deviation variabl es:
deviation froma noving average operating point. This transformation to
renove the average operating point is required when creating PCA nodels for
- abnor meWO 2886803163det ecti on. This is done by subtracti ngctiaszoexppeantial ly
filtered value (see Equations 8 and 9 for exponential filter equations)

of -a neasurenent fromits ~- raw value and using this difference in the
nodel. X' = X - Xfiztered Equation 189 . X' - measurenent transforned to
remove operating point changes X - original raw nmeasurenment Xfieered -
exponentially filtered raw neasurenent [00136] The tinme constant for the

of e priess pobia BRPhyIERARME £ RRIORRY daRhe” sBiemife BRGS0 o7

adequat an@ge%ﬂé&%ﬁ?gﬁ%ﬁf%%?htgﬁmlg mation is that the inputs to the

PCA. nodel *are a neas nt o e recent change of the process fromthe
novi ng average operating point. [00137] In order to accurately performthis

transfo e t a_shoul d be at hered at,.the,sanple.freque t hat mat ches
thaon [qa3s] EAEoRR SebSre RS trafbrarBa3s MRy SARRRRE T 1

col l ect ﬁé’(ﬁh I t{“éﬁ?‘ﬁ qrﬁ%gﬁ r of
operati_ﬁgﬂaéa%gf&gge |g%¥%l%§g?)?r%%a I“on Jf‘%ﬂz’is egﬁgﬁ%ﬁna%ﬁ he dat aset
is resafp fﬂ!éré%é (gﬁtra oinPisfreRired RERAGeaRIR POANMRSE:Rfo abiirAfl typically
in the range o 0, 000 to 50, 000 sanpl es. WD 20061031635 PCT1US200-5/ 032094
-40- V. etsateleteCtiont This {sGibhad]y itenctihg thpexpdnentiaibn Silteesterdlee (s¢e been
selected and the training data set has been built, the nodel can be built
qui ckl yEqeatiensst amdQfar expinential filter equations) of a measurement from its

raw value and using this difference in the model.

X =X - Xsitered Equation 10

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

Xiinered - €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, ofien 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.



A. Scaling Mddel Inputs 1001391 The performance of PCA nodels is dependent
on the scaling of the inputs. The traditional approach to scaling is to
di vide each input by its standard deviation, G wthin the training data

set. Xi' = X; / (s; Equation 11 [00140] For input sets that contain a |arge
nunber of yRea #,y %gentl cal nmeasurenents (such as nulti gl e terrperature
measurenments o :%ll Xed catal yst reactor beds) this appr CETSRUSF+ i ed to

further divide the neasurenent by the square root of the nunber of nearly
i dentical nmeasurenents. For redundant data groups X1' = X;/ (6; * sgrt(N))
Equation 12 Where N = nunber of inputs40n redundant data group 100141] These
tradi tional approaches can be inappropriate for neasurenents from
continuous refining and chem cal processes. Because the process is usually
wel | cont Al IMddeltCreptionfi ed operating points, the data distributionis a
conbi nati on of data from steady state operations and data from "di sturbed"
and operating point change operations. These data wll have overly snal
standard 091’3% Ofmck MBI EiPhRRANEREARIR Ve beth %éfé&fteﬁtﬁﬁ%@ m%ﬁﬁhgon dat a.
The resulting 2006/ 03a635 PCTI US2005/ 032094 -41 PCA nodel w Il

excessi veldatassndind been bwilts ted inotiel cmdeyatik qhboklausmpsstantatd oolpr oc es s
measurenents. [00142] For continuous refining and chem cal processes, the
.scaling should be based on the degree of variability that occurs during
normal progce ali b NS 3R or during operating point changes not on the
degree of vartabirity t occurs during continuous steady state
operations. For normally unconstrained variables, there are two different

ways of d%ﬁﬁg]ni "$he %%rf%nc'r%la}lgegof PCA models is dependent on the scaling of the
- inputs. The traditional approach to scaling is 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 : C

X{ =X/ (0:* sqri(N) ) Equation 12

Where N = number of inputs in redundant data group

[00141]  These traditional approaches can be inappropriate for measurements
from continnouws refining and chemical processes. Because the process is usually o
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 smali standard

deviations from the preponderance of steady state operation data. The resuiting |



.factor. [00143] First is to identify tine periods where the process was not
running at steady state, but was al so not experiencing a significant
abnormal event. A limted nunber of nmeasurenments act as the key indicators
. of st ed¥Q 280640886350per ati ons. These are typically the PeBEESWERYIper f or mance
i ndicators and wusually include the process feed rate, the product
production rates and the product quality. These key neasures are used to
segment the operations into periods-4f-normal steady state operations,
normal |y di sturbed operations, and abnormal operations. The standard
deviation fromthe tine periods of normally disturbed operations provides a
good sca@CAgnbdelwill beexoassivedf sdusitivertreamubivamoderafdddddfionsninghe er nat i ve
approach to explicitly calculating the scaling based on disturbed

oper at i AHOCESS MEAWERMERS. entire trai ning data set as follows. The scaling
factor can be approxinmated by | ooking at the data distribuion outside of 3
standard devi ations fromthe nean. For exanple, 99.7% of the data should
lie, w0DiL42B stRordantdndews mifindms and chdricabprocesses] thetscAin@Soudd t he data
should be, wthin 4 standard devi ations of the nean. The span of data

val ues Hest based DmemwMWrtthmwmmgthpraseSan appr oxi mati on
for the standard devi.ation of the "di sturbed" e data set. See

Fi gure @stw@@@é@r mgym@rmgm@w 269ROt 01y @;fs? wmhﬂngv if a

neasur e n% f,t en con trai n %’@S {ardlllé)scu |on on,,_sat ur at ed
Vﬁri Ft(l:j)l erT'E‘ %?ﬁ“g'fs fRpLg cpp ﬁ%‘rﬁ ﬁﬁgroé’e HPQnngunconst r ai nefl
Factor. gen&dainel RnIHhDae 1o ﬁ?ﬁ%‘%‘gﬁ%@éﬁ%&% Bpg Reitcn” ' "

tr@nsforf@md;he act uaI process variables into a set of

[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
usnally 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 mest of the

measurements.

[00144]  An aiternative 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 deviaiions 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 shounld le,
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 appréximation for the standard
deviation of the "disturbed” data in the data set, See Figure 12.



I ndependent vari abl es called Principal Conmponents, PC, which are linear {
conbi nations of the original variables (Equation 13). PC, =Af _1*Xl +A;

, 2* X2+A1, 3* X3+ Equationl3 [00147] The process will have a nunber of degrees
of freedom which represent the specific independent effects that influence
t he proc di fferent independent effects show ocess
data as g?gggggﬁvarlatlon Process variation can be d Hg?g§¥%$§ﬁ&%onal
changes, such as feed rate changes, or unintentional disturbances, such as
anbi ent tenperature variation. [00148] ch principal conponent nodels a
part of the process variability caused* by these different independent

i nfluences on the process. The principal conponents are extracted in the

di rection gof re i variation in the data set, ch subsequent
princi pal @8&%&2 |1 A geagureme 1y Qiten gnsirag %‘rﬁ?@%ﬁ@ %Eﬁmqnty

Si gnifican repres a_skan fl nt sour c process
variation éﬁﬁfeﬁg’fﬁ%ﬁ?‘éﬁ’ HRRABBAS R ER gt ity S e RS Bped et ot e
ef fect of Fha M6 é%F% e | argest
process cﬁ%ﬁ@gﬁbéﬁﬁasongggéFﬁ ﬁkﬂgéve %%é%ﬁh{ﬁﬁ J?§QE§§3§EFE§ process
vari ati on nodel ed by the pr|n0|pal conponents no | onger represents an

i ndepende | f S ar.i ation. WO 20061031635 PCTI US200SI 032094
-43 [0014 HEU A RAL (QOIIPORENS g t he correct number of

princi pal conponents S to stop mhen t he groups of variables, which are the
primary contributors to the principal conponent no | onger nake engi neering

PC i
?ggfﬂ?l fi egmgh@f%%ﬁﬁg’f%@ﬁ%ﬁﬁﬁ%@&% \%ﬁiaﬂfbsgﬁ&&e ori g?nal {/Zrl abl es
(whi ch ar eipgapeiriént b@%lé@éﬁlledﬁ’iﬁ&@pﬂ(&ﬁﬁpﬁﬂﬁiﬁ PC,Wohieh 226 Enesl atively Q arge

I n magni tude, are the
combinations of the original variables (Equation 13).

PCi=Ai 1 "X+ A2 ¥ X0+ A3 ¥ X5+, es 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 siguificant 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.



-major contributors to a particular PC. Soneone with a good understandi ng of
the process should be able to | ook at the group of variables, which are the
maj or contributors to a PC and assign a nane (e.g. feed rate effect) to
-that PGYOR806/0d8& and nore PCs are extracted from t heP@BUSZ0034820%0ef fi ci ent s
become nore equal in size. At this point the variation being nodeled by a
particular PCis primarily noise. [00150] The traditional statistical

met hod for determ ning when the PC i-gl3j-ust nodeling noise is to identify
when the process variation being nodeled with each new PC becones constant.
This is neasured by the PRESS statistic, which plots the anmount of

vari ati gpoiaHel eThb¥neBRBrigEGEscH 20 Blebim® theecdrddot nubliepiofunat el y this

test is often anbi guous for PCA nodels devel oped on refining and chem cal
pr ocessgsincifial chvbrbeneilinds tnstof When thg giOishdf] vaftabley, ededsataha Wil | not have
a gaussian or normal distribution. Consequently, the standard statistical
met hod @rimaytdongihuiers toithg printinal eemperenigio lohgebmekagngmwgenngat 3 standard

devi ations of_the.error residyal shoul d,not be d. tead the trigger
o it BB (BADEHSREY caseral i PR s iPreRdr IEanDe PR ROGITIG « he odel
[00152] Initially the trigger |evel should be set so that abnormal events
woul d béysloghinged the cecfiigtenta dyapvhBlcconiginahearsibles evlgchaee callegpi cal Iy 5 or
6 times WO 2006/ 031635 PCTI U52005/ 032094 -44 each day. This can be
det er m deatdihgs)l AHasegoeffidiéres,SFhich as¢ sdlatively lirge iheagnitide] ag thelat a set
(this is also referred to as the Q statistic or the DVODX statistic). This
| evel i gnajer cenfribntars feapagdaniy. Soeeosewith a geod yodergtandier ofit f al se
I i | t t it ' . . .
2 E" T e procrégs should e%\)m tohlgoﬁ ai eegr}g{lg % r‘f'a:nal:ﬂ(-:s, 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.

V1. 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 uvsing 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



A. Enhancing the Mddel [00153] Once the initial nodel has been created, it |
needs to be enhanced by ¢ <creating a new training data set. This is done by
using the nodel to nonitor the process. Once the nodel indicates a
potential abnornmal situation, the engineer should investigate and classify

t he process situation. The engineer will find three different situations,

ei t her sow® 2peeitédS process operation i s occurring, an PEEUS2058848¢ mal
situation is occurring, or the process is nornmal and it is a fal se

i ndi cation. [00154] The new training data set is nmade up of data from
speci al operations and normal operatioftd- The same anal yses as were done to
create the initial nodel need to be perforned on the data, and the nodel
re-calculated. Wth this new nodel the trigger lever will still be set

enpi ri cal | yactbdiy. This part be Heetaimedannivoligdatdhe 8PR, hiagistic foothe thahing can be
tuned so as to only give an indication when a true abnormal event has
occurred. ShtareE(tNGs MEERENGEdODESIhe QRstaBsiBRMAtheBYMIOD, BEEGH Rif 00155]
The physi cs, chenisth¥ mechani cal design of the process_ equipnent as

[ , d
wel 1" as t hadvehiosdt Soasreahabropmal @iem Wil Robaemaisewt Buidalkeralarmsb wil

subst anti al grmug‘éh %_Fﬁed.lfmdamé%}_i n the data from continuous refining and
chemi cal pPBtRYLENCMHE &g eREIAEIncy is cal l ed physical redundancy when

i dentical measurenments are present, and cal cul ati onal redundancy when the WO
2006/ 031635 PCTI US2005/ 032094 -45 physical, chem cal, or nechani cal

rel at i onshifps Enhencisgdhe Mastel f or m i ndependent  but equival ent estinmates of a
process condition. This class of nodel is called an engineering redundancy
nodel .

[60153]  Once the initial model has been created, it needs to be enhanced by (
creating a new training data set. This is done by using the model to monitor the
process. Once the model indicates a potential abnormal situation, the engineer

should investigate and classify the process situation. The engineer will find

three different situations, either some special process operation is occurring, an

actual abnormal situation is occurring, or the process is normal and it is a false

mdication.

[00154]  The new training data set is made up of data from special operations

r 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 L
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, cheinistry, 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 continuons refining and
chemical processes. This redundancy is called physical rednndancy when

identical measurements are present, and calculational redundancy when the



. 1. Two Di nmensi onal Engi neering Redundancy Models [00156] This is the
sinplest formof the nodel and it has the generic form F(y 1) = @ x;) +

filtered bias 1 + operator bias + error; Equation 14 raw bias; = F(y,) - {
. Q(x j) wOhRedswarddl bias ; + operator bias } Equation 1IECT/BS203@2094fi|tered
bias= filtered bias j I+ N *raw bias 1-1 Equation 16 N - convergence factor

(e.g..0001 ) Normal operating range: xnlin < x < xmax Nornmal nodel
deviation: -(max-error) < error < (medd-error) [00157] The "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

shi f t ed ph@hichl) ehORRTR I mEcIRRIR RélatibhishipPieaised to Bedbrbehjcadepdat ed so
that Equafion 14 is exactly satisfied (efror0) [00158] The "filtered bias"

t er m updat equivalent estimatey of a proosss rbndinion. Fhissilatserfimodeldasallatiapr ocess
changes that bias the engineering redundancy nodel. The convergence factor,
"N', i s epgineenngiredundaney modeber si stent change after a user specified time
peri od usual | y on the tine scal e of days. [ 001591 The "normal operating
range” and the "normal nodel deviation" are determned fromthe historical
dat a fon, t Mpwe MihieSionADEA Sigeadas Redimdaicy Mod¥ 2006/ 037635

PCT/ US2005/032094 ~-46 nost cases the max-error value is a single val ue,
however this can also be a vector of values that is dependent on the x axis
| ocat i off00186)160T hidniyg thewsintilestrfeimmdlthe megkel amd tdmstike pegerestomtred in this
manner. Material bal ances, energy bal ances estimated anal yzer readings

oS g B SRR SRRSOl oo @

C

raw bias; = F(y;) - { G(xy) + filtered bias; + operator bias } Equation 15
= €ITOT §

filtered bias; = filtered bias;; + N *raw bias;, Eguation 16

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

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

S

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 o 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



energy bal ance. [00161] As a case in point the flow versus val ve position
nodel is explained in greater detail. A The Flow versus Val ve Position
Model [00162] A particularly val uabl e engi neering redundancy nodel is the
flow versus valve position nodel. This nodel is graphically shown in Figure
2. The | cul formof this nodel is: Flow + filtered bias_+ operator
bias = C59%%@¥%3§%?a;Pressure /| Delta Press a preferenc%S“EﬁWgVWQ 417
where: Flow neasured flow through a control valve Delta Pressure = cl osest
measur ed upstream pressure - closest neasured downstream pressure
Del ta_Pressurereference : average Delré; essure during normal operation a
nodel paraneter fitted to historical data Cv: valve characteristic curve
determ ned enpirically fromhistorical data VP. signal to the control valve
(not the areshghsesdhe myx_emov #aledk aisorgle waluzobewosebs romlyshess/ 032094
-47- The objectives of this nodel are to: ,QEtecting sticking / stuck
control vé@@@@OfE@‘EEﬂWHdSEP nf or 3he 2 @x3s IgGAtRsur enent s Det ecti ng

control valve operation where the control systemloses control of the flow
[00160] Any two dimensional equation can be represented in this manner.

Material balances, energy balances, estimated analyzer readings versus actual
analyzer readings, compressor curves, etc. Figure 14 shows a two dimensional

energy balance.

[00161]  As a case 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)
(Delta_Pressure / Delta_Pressure eference) 2

Equation 17 (
_ where:

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

closest measured downstream pressure
Delta_Pressur€yeference : 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 actnal control valve position)



.[00163] This particular arrangenent of the flow versus valve equation is
chosen for human factors reasons: the x-y plot of the equation in this form
is the one nost easily understood by the operators. It is inportant for any
.of theswo rongladisst hat they be arranged in the way whi ®CTES2003062008 kel y to be
easily understood by the operators. B. Devel oping the Fl ow versus Val ve
Positi on Model [00164] Because of the | ong periods of steady state operation
experienced by continuous refining anf chem cal processes, a |ong
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 Fl ow, 7¥alotfedtRes of his AddkIled 2 _ Pressure data with the |ong periods of
constant operation. The first step is to isolate the brief tinme periods
where there is sone significant variation in the operation, as shown. This

shoul d be then m xe it er.i,ads ,of nor nal eration taken fromvarious
periods in history. %P%Eﬁggs@lﬁ%/s ﬁgﬁ&p}]g&%ﬁgt ream Pressure (often a
punp di scharge) or tghe stream.Preessure i s _not available. In those cases
t he nissing rreasu?erﬂﬁ?egﬁ%@%?%ﬁﬁﬁwﬁwpr%ﬁ?%%t er in the nodel. If
both pressures ar hSSl Lol S i 0.1 ressure
effect in the m)dgl rb%%%ﬁ%%#’%@%%"é W%@%ﬁ%%ﬁﬁl}g&ﬁ%@% The

val ve characteristi G eradge either fit with a linear valve curve,
with a quadratic valve curve or with a piecew se |linear function. The

pi ecewi se linear function is the nost flexible and will fit any form of

val ve cliedp63ler i Thispaticular ah@fdenencbiahs filoer etisoabalvaleqaationis'a” is 1/2 if
t he neasurenents are taken directly across the valve. Rarely are the

megsur emehoserples ihminanekictdre reasonisithe x-y plot of the equation in this form is the

one most easily undersiood 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 (1 102
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

C._ . 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.



beconmes an enpirically determ ned paraneter to account for the actual (
positioning of the pressure neasurenents. [00168] Oten 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

nodel -fitwprs}t%%?&[;am To overcone this, the nodel 1is gg.y/%g%%g_gb%ftm

phases, fi ere a small dataset, which only contains” pério

Delta Pressure variation is used to fit the nodel. Then the pressure
dependent paraneters ("a" and perhaps t m ssi ng upstream or downstream
pressure) are fixed at the values deternfned, and the nodel is re-devel oped
wth the larger dataset. C. Fuzzy-net Processing of Flow versus Val ve

R L e
operating range".and " noromal node] .. devi.ation” ... The: " nor pak., nodel

dgvi at | og" Cﬁ‘é’%b&%tgo? %‘#]‘ga‘%%??r&?ic 3‘?1‘6&3:3 Pl?%eé"?’éF JISPE‘i f‘W&ﬁSPT ® This is
fed into a . ﬁﬂ%; leSeri M ' . r can pick
t he transi Plie)gﬁﬁ?sﬁéom no?l}ra @vlg%é;ﬂ%)g{i}égg?@é@lg}ﬁag?%ﬁgﬁhgﬂ%f 1) iﬁ a
st andar d wWalaByieHsfiogutfee nornmalized i ndex. [00170] The "normal operating

range"” index is the valve position distance fromthe nornal region. It
typically represents the operating region of the valve WD 20061031635

PCT/ US20054 4 whe i 1ol ' t in
little or &@iﬁﬁ ngeTﬁ%t%gétﬁag\yv_ﬁﬁ?@gu%ﬁsﬁZ%Y@gP\?lgéésbﬁ%ég@%gﬁ\ e devel oper
can use th%&@fa&o&#&@‘val@éﬁ?ﬁfé@@%ﬂfe ﬁ@asﬁ?é’[ﬁén@?bﬁﬁtfoﬂﬁd%&r "gnd | ower
ends of the normal operating range and the transition fromnormal to _
abnor mal  opec@hesm ebpitzalypderegrnbinet ipatandteois dcc¥ahyfor thelatival (

positioning of the pressure measurements.

[00168]  Often there will be very few periods of time with variations in the
Delta_Pressure. The noise in the Delta_Presstre 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 valoes determined, and the model is re-developed with

the larger dataset.

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

[00169] Aswith ahy two-dimensional engineering redundancy model, there
are iwo measures of abnormality, the "normal operating range” and the "normal
model deviation”. The "normal model deviation" is based on a normalized index:
the ervor / max_error. This is fed inio 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



[ 00171] A common way of grouping Flow / Valve nodels which is favored by
the operators is to put all of these nodels into a single fuzzy network so
that the trend indicator will tell themthat all of their critical flow
cont r ol | WP0YWB16330r ki ng. I n that case, the nodel indiearivszmsosnes t he fuzzy
network (Figure 4) wll contain the "normal operating range" and the
"normal nodel deviation" indication for each of the flow valve nodels. The
trend will contain the discrimnatorggesult fromthe worst nodel
i ndication. [00172] Wen a comon equi pnent type is grouped together,
anot her operator favored way to |l ook at this group is through a Pareto
chart of : : -l : | rSioiRhbe i 10 abnor nmal
val ves a@gﬁy%gwggllPﬂyﬁ?%ﬁgggﬁ?r%@%]Remﬁl%?tr%gbnorﬁ%ﬂ'ﬁg%i?ﬁ\g left to the
| east a_bﬂﬁbﬁ@ RevAhe Ongbheainbhe BePAopéiccdmiscahs Oyas fgzzyef er ence box .
I ndi cating the degree of variation of the nodel abnormality indication that
i s withi disoxmmmdtor itheowerdoth the Wpmgnard Idwersdmisofithenottial operdfiMg i s
substantially outside the normal box but that the others are all behaving
nor mal | yrangaendthe trangitipa dremmexmal pamorgsal eperaipst for "Valve 10" similar
to Figure 2 to diagnose the problemwth the flow control |oop. H.
Mul ti di mensi onal Engi neering Redundancy Mdels [00173] Once the
di mensi ol GryugiapMuhipdeFldwdValve Maielpgl e "PCA i ke" nodel is devel oped
to handl e a high di nension engi neering redundancy check. Exanples of
mul ti di mensi onal redundancy are: WD 2006/ 031635 PCT/ US2005/03209 t -50
pressure =1Pres ~ - of & ' : i rocess unit
1 = mat eplioaﬂrl ovﬁ§ %&?’I(a)?ﬁ&a c%fs%rOH ngt ?@Wal@tn?n%c%egé ?ng %Sof\?v%?rr?te O process
U_n: (ltf 2 [E?ﬂfé&p@mfsetoqfutrzmaﬁ'uhesmnbdaaiﬂtbraadiﬁgle fagrpheswdriesehmaquat i ons
Wi eac

the trend indicator will tell them that all of their critical flow controllers are

working. In that case, the model indications info 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 ook at this group is through a Pareto chart of the flow /
valves (Figure 17). In this chart, the top 10 abnormal valves are dynamically

C 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" 1s 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.

1I. 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:



require coefficients to conpensate. Consequently, the nodel set that nust be -

first developed is: F1(y) = alGl (x,) + filtered bias,,; + operator bias, +
error,,; F2(y;) =a & (x+ filtered bias2,; + operator bias2 + error2, i
Fo(y;) = a.G (x + filtered bias.,; + operator bias. + error,,,; Equation

18 [00175] wWhesgosRse! s are devel oped in the identical W@ﬁ he two
d.

di nensi onal engi neering redundancy nodel s were devel ope I's set
of multidimensional checks are now converted into "PCA |ike" nodels. This
conversion relies on the interpretation_?ﬁ_a principle conmponent in a PCA
nodel as a nodel of an independent effect on the process where the
principle conponent coefficients (loadings) represent the proportional
change in the neasurenents dqﬁ_to t hi s i ndependent effect. In Figure 3,

T

there are three i ndbp@HIEHE L@ eSHMATNt mEISHIRL X | |, X2, and X3.
Whenever X3 changes by one, Xl changes by a, and X2 changes by a2. This set
of relationships isg,e | [ OGj Hﬂﬂﬁﬁ , P,
with coefficients i?l E’%@g g@@%@@g?&%ﬁhgﬂuﬁﬁa@ﬂ g%%@xs
Equation 19 Were a3={jyii) 20061RxHIPIBWEnSBRIVREOFAPI4 - 51 [00177] This
engi neering unit version of the nodel can be converted to a standard PCA
nodel format as follows: [00178] Drawi ng anal ogies to standard statistical
concept s, t [@0X7d}verBecause bhaicaswchmnt ealibrationensrarihess, equatiohe whhsech on t he
normal operating range. For exanple, using 3a around the nean to define the
nor mal oper &&quikg qoghideicnistie compensate. Consequently, the model set that must be

first developed is:

Fa(y ) = a1Gy (x3) + filtered bias, ; + operator bias; + errory, ;
By(y ) = a,G; (%) + filtered bias, ; + operator bias, + errorg,'i

Fo(y» = a,Gy (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 reliés on the interpretation of a principle C
component in 2 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 unis as:

P=ay X1 + a3 X2 +a3X3 Equation 19

Where az= 1



scal ed vari ables are defined as: Xscole = X normal operating range' 6a
Equation 20 (99. 7% of normal operating data should fall within 3 a of the
mean) Xmd = X md point of operating range Equation 21 (explicitly

def i ni ngVORWGFEFR" as the mid point of the normal opePEX/Usagosdupe) X = (X
- Xmd ) | Xscale Equation 22 (standard PCA scaling once nean and a are
determ ned) Then the P loadings for Xi are: bi= (ail Xl .scale) / (E 1

(ak/ Xk-sel e2) Equation 23 (the requi+gient that the | oading vector be
normal i zed) This transforns P to P'= bl * X1 + b2 * X2 + +ba * XN
Equation 24 P'"standard devi ation” bl + b2 + +bn Equation 25 WO

2006/ 031[RATFET! UBH9@aEeARg anit5rfiBR b Hhe Miodel £l Be somsteain. the

mul ti di nensi ohal engi néering redundancy nodel can now be handl ed using the
st andar dstRtardth@4 tmode] formatalsdollawison, exception handl i ng, operat or

di splay and interaction. DEPLOYI NG PCA MODELS AND SI MPLE ENG NEERI NG MODELS
FOR ABNORVAL EVENT DETECTION 1. Operator and Known Event Suppression [00180]

Suppr ess{(R1 7899 CD aWwihg b8 Grhll sftgrstérﬁﬁr& Qﬂahgmedlg;oncﬁs@%éeoﬁvéﬁ@%nt o elimnate

fal se indications rreas rable unusual events Provide a way to clear
abnor mal facask Fat d:&th&hﬁi&ﬁhohhﬁ, opebabasedwas 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 !/ 6G Equation 20
(99.7% of normatl operating data should fall within 3 ¢ of the mean)

Xmia = X mid point of operating range Equation 21

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

range)
= (X~ Xmid ) / Xscale Equation 22
(standard PCA scaling once mean and ¢ are determined)
Then the P’ loadings for X; are:
b= (83/ Xiseate) / ( Zﬁ__ (@l Xiescate)” Y2 Equation 23

(the requirement that the loading vector be normalized)

This transforms P to

P=p,#X1+by¥X24+ eee t+h *XN Equation 24

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



investigated Provide a way to tenporarily disable nodels or measurenents
for mai ntenance Provide a way to di sable bad acting nodels until they can
be retuned Provide a way to permanently di sable bad acting instrunents.
[00181] There are two types of suppression. Suppression which is

aut omat i cal i ed by an external, measurable event i on
which 1is iﬁﬁ%%@?@%ﬁﬁy the operator. The |ogic behind theggﬂpﬁgﬁg§§§?(ﬁ
suppression is shown in Figures 18 and 19. Although these diagrans show t he
suppression occurring on a fuzzified np§§L i ndex, suppression can occur on
a particular neasurenent, on a particul nodel index, on an entire nodel,
or on a conbination of nodels within the process area. WD 20061031635

PCT/ US20051 - 0182] Far operatpor..init.iated suppression, there are
Too troor o TUARRD 30 i ek veastopr B e brunEn SRR e P ng rethtiagey

verifies th S ssedy .k nf.ormat | turn r ins in the
nor mal st at i&OéﬁB %F‘% ﬁBw\Eﬁi I?]aergzll?r%}lmﬁg ﬁ%sﬁﬁﬁgg%a(?g Sﬁ“&ﬁ&ﬁg& @g‘lﬁﬁﬁﬁt es. The
second ti NMBL Mk ﬁ:ﬂ.ﬁ%# : check, regardl ess of

whet her it f%(s éﬁec%ltr ne nggéﬁﬁtg{bﬁggﬂwé@tnet&é‘é%% cal values for this tiner
are either equivalent to the length of the operator's work shift (8 to 12
hours) or a j,Ie L N £S5l 83] For
event based=SHppre &T vv[ﬁ{@%ﬂ. - be an
oper at or setR[|REN — ARG nt change, or a digital signal.
Thi s signal aw:'-*'. o2 ('3‘1."‘.(1:, shown in Figure 20. This
timng signal is created fromthe trigger signal using the foll ow ng

equations: T, Qperator and Known Event Suppression

[00180]  Suppression logic is required for the following:

» Provide a way to eliminate false indications from measurable

unusval events

o Provide a way to clear abnormal indications that the operator has

investigated

» Provide a way to temporarily disable models or measurements

for maintenance

e Provide a way to disable bad acting models until they can be C
retuned

¢ 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, suppreésion can occur on a particular
measurement, on a particular mode! index, on an entire model, or cn a

combinatiop of models within the process area.



Y11 = P * Y6.1+(1-P) * X' Exponential filter equation Equation 26 P =
Exp(-T,/Tf) Filter constant cal culation Equation 27 Z. = Xn - Yn Timng
signal cal culation Equation 28 where: Y. the current filtered value of the
trigger WD@A64/031683 1 the previous filtered val ue of thecrwsgysoszesgnal X
the current value of the trigger signal Zn the timng signal shown in Figure
20 P the exponential filter constant Ts the sanple tine of the neasurenent
Tf the filter time constant [00184] Ag3j.ong 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 the WO 2006/ 031635 PCT/ U820051032094 -54

suppr essi ch | £4 | LR : a sinple
timer C(gg?ld%l soﬁggbgéskggﬂs %ﬁda![l%]cfiu 5%%%%?@?%?‘% %Hir%g’gﬂgﬁgl wi || account

for trigdefernfhanabs (8 sibipréRicnis GVof ©One Ginddtvienitich Raahe suRRERegi ons for
| arge changes and shorter suppressions for smaller changes. [00185] Figure

21 shows infoematienthas ngipredto andarthaiireindhe netmal statppT gpisabyvaluel &abl i ng
predefined sets of inputs in the PCA nodel. The set of inputs to be

Wt omat i @blshwn@mgifrggl% 8§ -3 manwiesy bl swmdﬁf\m@r wﬁl reagEvalsdbe dper f or mance.
5 . PR ROU Y
t b s S %e%f%rc@éssi P bathent i St 0B SRR dumt
i Wela Im. S i
o vi ddhy PR Rt 26 R ifher bk Sier ARG 6 g EReRADREDDRS . o

fol 1 ows: work shift (8 to 12 hours) or a very large time for semi-permanent suppression.

(_, [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,, FExponential fﬂter equation Equation 26

P = Exp(-TJ/Ty) Filter constant calcu]aﬁon Equation 27

Zy=Xu- Yy Timing signal calculation Equation 28
L where:

Y, the current filtered valne 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

T;  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 seis the length of the



E2_ n We2 Equation 29 w - the contribution weight for input i (normally
equal to 1) e; - the contribution to the sumof error squared frominput i
[ 00186] When a trigger event occurs, the contribution weights are set to
zero for each of the inputs that are to be suppressed. Wen these inputs
are to be ' ed, the contribution weight is gradu d to a
val ue of 1v&ﬁ%ﬁ&%%§#wbdel Deconposition [00187] Althoughgbkéméﬁigﬁgggl S
built using a broad process equi pnent scope, the nodel indices can be
segregated into groupings that better ngtch the operators'view of the
process and can inprove the sensitivity 8t the index to an abnormal event.
WO 2006/ 031635 PCT/ US200/ 032094 -55 [00188] Referring again to Equation 29,
we can create several Sumof Error _Square groupings: E12 =1 w -e? Equation
30 ~i =1 r Spppression pyjchanging tthlltennma@amstant,[ﬁo1&81}10%&8@131@1@3@ gr oupi ngs

o 2o D Ll AT oo SR eSS (D °
cau pTent oy HAEGUAL S Kind QAP LGSR RR DRI o1, 15

of the i ndekofbCsppréiRions fhféhsAGSShanges.

[00185] - Figure 21 shows the event suppression and the operator suppression
disabling predefined sets of inputs in the PCA model. The set of inputs to be
automatically suppressed is determined from the on-line model performance. (
Whenever the PCA model gives an indication that the operator does not want to
see, this indication can be traced to a small number of individual contributions to
the Sum of Exror Square index. To suppress these individual contributions, the
calculation of this index is modified as follows:
2 2 Eqguation 29
E= i wie; aration
w; - the confribution 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 gradunally 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.



linearly with the nunber of inputs contributing to the index. Wth fewer
contributors to the sumof error square cal culation, the signal to noise
ratio for the index is inproved, making the index nore responsive to

abnor mal WOEH¥U31638 [ 00191] In a similar manner, each pPCRUBEO®0EONponent can
be subdivided to match the equi pment groupings and an i ndex anal ogous to
the Hotelling T2 index can be created for each subgroup. Pi,a= El =11, 1xt
Equation 31 i k Pr b F-+L1 bt,ixi -PHe= Zi=k bt 1x1 P2a_ Ei =Ib2,ixi WO
2006/ 031635 PCTI US20051032094 -56- P2 b- ~i=1 b2,i ti n Pi,c=Z i=k 2,ixi
Ta2= mp2 ~i | i,a Th2=Linlr b TC2 = ZT e [00192] The thresholds for

t hese i ndip0t8SJar e Refdrcmigaipath toyEquatiun 2P, e caresichregseveall SuthhobHgbrt he nodel s
and setting the sensitivity of the thresholds based on their performance on
t he test Spare gio0PE@S] These new indices are interpreted for the operator in
the identical manner that a normal PCA nodel is handled. Pareto charts

based on the EO1£‘I—'gZI:?j|Wie? Equation 30
2_ 2
By = Z?:{eri
]
L4
En'= T, wef
( [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, €;, 18 always adding to the sum of error
square based on process noise, the size of the index due to noise increases
linearly with the mumber 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 asimilar manner, each principle component can be subdivided to
match the equipment groupings and an index analogous to the Hotelling T? index

can be created for each subgroup.
Pya= ZLI b ne Equation 31
Pu= X by %,
Pre= 20 byiX;

1

.
PZ,a‘_ Zi=1 b?',ixi



i nputs are shown for the largest contributors to the sumof error square

i ndex, and the |argest contributors to the largest P in the T2 cal cul ation.
ill. Overlapping PCA nodels [00194] Inputs will appear in several PCA nodels
so that all interactions affecting the nodel are enconpassed within the
nodel . Thi multiple indications to the opera e

i nput s areﬁgﬁgmﬁgﬁgigcontrlbutors to the sumof error aﬁéﬂﬁgﬁPﬁﬁgﬁf

[ 00195] To avoid this issue, any input, which appears in nultiple PCA
nodel s, is assigned one of those PCA nodels as its primary nodel. The
contribution weight in Equation 29 for "thhe primary PCA nodel wll renmain at
one while for the non primary PCA nodels, it is set to zero. WD 20001031635
PCTI US2005/ 032094 57 _ 1V. Qperator Interaction & Interface Design [00196]
The primary objectives of tpg-0 orxinterface are to: Provide a
continuous indication of the’ no 1|%9 'of the mpjor process areas under the
authority of the operator Provide rapid (1 or 2 nouse clicks) navigation to
the underlying nodel inforgatiQp Provide the operator with control over
whi ch nodel s are enabl ed. Juepk2R,2hows how t hese design objectives are
expressed in the primry interfaces used by the operator. [00197] The final
output froma fuzzy Petri 3 is . a ngrnallty trend as is shown in Figure 4.
This trend represents the mb é?Z?ﬁ ,that indicates the greatest

| i kel i hood of abnormality as deflned |n the fuzzy discrimnate function.

The nunber of trends shown |n the sunnary is flexible and decided in

Tb = 1“—]_ PI b

2
ZI—I Piac

[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 mode] is handled. Pareto charts based on the original
‘inputs are shown for the largest confributors to the sum of error square index,

and the largest contributors to the largest P in the T2 calculation,

Hl. Overlapping PCA models

[00194]  Imputs will appear in several PCA models so that all interactions
affecting the model are encompassed within the model. This can canse 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 fo ZET0.



di scussions 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 val ue of
0.9. The¥e2PM648163pr ovi de gui dance to the operator as PCTAR®ASHR2094s expect ed
to take action. Wien the trend crosses the yellowline, the green triangle
in Figure 4 will turn yellow and when the trend crosses the red line, the
green triangle will turn red. The triafigle also has the function that it
will take the operator to the display associated with the nodel giving the
nost abnormal indication. [00198] If the nodel is a PCA nodel or it is part
of an eqmpR¥aBF PMBraceiofl & Iaetfa6®Mekidn val ves), selecting the green
triangle wilT create a Paréeto chart. For a PCA nodel, of the dozen | argest
contributors to the nodel index, this will indicate the nost abnormal (on

peri Uszol 38300, TR BhnBR Rk 8 et Bt O ors wit1 be
anong the 1St 2, 0fpryidlBAMEIBI Mdidlifon AL AofRay o ¥Bbyiger a red box

around each bar to provi the operator with ar nce as to how unusual
t he measurenment can RS hRYAS untler the FBSRHYST (RS opératdidi cat i on of
abnormality. 1001991 For PCA nodels, operaftors are provided with a trend
Pareto, which natches the order in the bar chart Pareto. Wth the trend
Par et o, each pl ot ¢ h3goyideRa iHE('N)?Q ﬁlBﬁs@éﬁéléb nHﬁ%ﬁﬂbﬁ"ﬁ@ﬂ{e ﬁﬂd&rEzYﬁg”‘) and an
estimate fromthe PCA nodel of what that neasurenents should have been if
everyt hi ng was nor mphodd] infoialion 100200] For valve / flow nodels, the detail

under the Pareto will be the two dinensional flow versus valve position
rmd(el plot. Fromthis plot the operator can apply the operator bias to the
model . s 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 Peiri 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 flexibie and decided in
discussions with the operators. On this trend are two reference lines for the
operator 10 help signal when they should take action, a yellow line typically set
Q. at a value of 0.6 and a red line typically set at a value of 0.9. These lines provide
guidance to the operator as to when he is expected to take action. When the
trend 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 2
PCA model, of the dozen largest contributors to the mode] index, this will
indicate the most abnormal (on the left) io the least abnormal (on the right)



[00201] If there is no equipnment grouping, selecting the green triangle wll
take the operator right to the worst two-di nensional nodel under the sunmary
trend. [00202] Operator suppression is done at the Pareto chart |evel by
selecting the on/off button beneath each bar. WO 2006/ 031635

PCT[ US2005M3 26184316359 Bi bl i ography [|. U S. Patent Docungetes2005/032094
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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.
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-60- CLAIMS 11 A system for abnormal event detection in an industrial
process conprising a set of nodels including principal conponent analysis
nodel s to detect abnornmal operations in said process wherein said process
has been divided into equi pnent groups with mninmal interaction between
groups and process operating nodes wifh process nmeasurenments as inputs to
sai d nodel $§ wherein separate principal conponent analysis nodels correspond
to an equi pnment group and process operating nodes and wherein each principal
conponent analysis nodel is a |linear conbination of process neasurenents. 2.
The syst &Gh.AMME| ai m 1 wherein sai d equi pment groups include all najor
material and energy interactions in the same group. 3. The systemof claim
1 wherein said equi pnent groups include quick recycles in the sanme group.
4. The syst empOfustehPloPhnoWAsr &bt BakHoCRUnRARRHDHRLEI cbﬂlﬁﬁé{ﬁ'?a kged forward
and feed back paths between upstream and downstream equi pnent groups. 5.
The syst emdels indleding prindipal eomperest oplysatmaodglsto detsctabaoropé opdrations ime  per i ods

wherein prqcess behavior..is significantly . different. 6. The.system of claim
N eher o RaR EReiRe Tt ahid plockat s bR s feB iRt e nod Biin SRR

per f or mangierasisH WutwehygbgRland pAscess@pefalifl S1684s80Pprob e nREAGGREs 6 The
system of claim6 wherein said input nmeasurenments have a signal to noise

rati o abdwgtetogridaeqdsisivirsein venagate puncipph eospaseatrnelysisinndglseonpwrad n sai d
I nput Meqg UL EERhSh: Ftdy ShY pRoctlsUpRratl hioha dndnekdi bach pRheipat

component analysis model is a linear combination of process measurements.

2. The system of claim 1 wherein said equipment groups include all major material

and energy interactions in the same group.

3. The system of claim 1 wherein said equipment groups include quick recycles in
the same group.
4, The system of claim 1 wherein said equipment groups include feed forward and

 feed back paths between upstream and downstream equipment groups.

5. The system of claim 1 wherein the operating modes are specific time periods

wherein process behavior is significantly different.

6. 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.

7. The system of claim 6 wherein said input measurements have a signal fo noise

ratio above a predetermined value.

8. The system of claim 6 wherein said input measurements satisfy a cross correlation

test.



9. The systemof claim6 wherein the inputs determ ne the physical state of
the system 10. The systemof claim9 wherein the signal to noise ratio is
above 4, 11. The systemof claim9 wherein said inputs to the system i ncl ude
tenperatures, and/or pressures, and/or flows. 12. The system of claim 10
further conprising an operator interface. 13. The system of claim 11l wherein
said output fromsaid fuzzy Petri net% is a normality trend. 14. The system
of claim 1l .wherein nodels outputs aré tonbi ned using fuzzy Petri nets. 15.
The systemof claim 1l wherein said inputs to said principle conponent

anal ysis nodel are scaled. 16. The system of claim 15 wherein said operator
interface includes Pareto charts. 17. The system of claim 15 wherein said
oper at or §-nt erfhasesttmof oldim 6 arherainitheantugndetdrmineibe phisidal stifaof gieves t he nost
abnormal jndication. 18. The system of claim15 wherein said operator

i nterface” el udes a continuous indication of normal ity of major process
areas. 19. The systemof claim 15 wherein the fuzzy net includes a normality
trend that indicates the greatest |ikeljhood of abnormality. -62- 20. The
syst em of 1| aiThessstome elaim § syhercam dieviean) ta goise stiods abeverdedundancy checks
based on known engi neering relationships. 21. The systemof claim1 further
conpri sing engi neering nodels, 22. The system of claim2l1 wherein said

r edundancyl. chéhesystere of xBira Bendiesein £8d inphis ts (hetsgsterafinahbdel tamPdramdssy ei n sai d

redundanc%d%tl]lengeléésm%t gnd}yrlﬁ(;“?sl.e redundancy checks.

12.  The system of claim 10 further comprising an operator interface.

13.  The system of claim 11 wherein said output from said fuzzy Petri nets is a

normality trend.

14, The system of claim 1 wherein models outputs are combined using fuzzy Petri

nets.

15.  The system of claim 1 wherein said inputs to said principle component analysis

mode] are scaled.
16.  The system of claim 15 wherein said operator interface includes Pareto charts.

17.  The system of claim 15 wherein said operator interface includes an indication of

the model that gives the most abnormal indication.:

18.  The system of claim 15 wherein said operator interface includes a continuous

indication of normality of major process areas.

19.  The system of claim 15 wherein the fuzzy net includes a normality trend that
indicates the greatest likelihood of abnormality.



24. The systemof claiml further conprising inferential measurenents. 25.
The systemof claim1l wherein said set of nodels has been restructured based
on process operations. 26. The systemof claim|l wherein said industrial
process is a chem cal process. 27. The systemof claim1l wherein said
industrial process is a petrochem cal process. 28. The systemof claim1l
wherein said industrial process is a %ﬁfining process. 29. A nethod for

devel opi ng an abnormal event detector *f'6r a industrial process conprising:
a) dividing the process into equi pment groups with ninimal interaction

bet ween groups and/or operating nodes having specific tinme periods where
process behavior is significantly different, b) determ ning input variables
and t hei r 2@per Bliq sygteregigdaimd8 weherein sejd epgipesring medels preysdmsansichselbes, c)

det erm ni ' ' ifala . sal.d i nput variables, d) determning a
historicapgﬁgkgkﬁﬁg?%#%g se L%%%@%%ﬂ%o abnormal operation, -63- e) creating
a set of nodels including principal conponent analysis nodels included in

t he set, e for each of said, equi pnment, groups and/ or operating nodes using
sai d hi st 1caTh%%W§m%Qéﬁ@WWﬁfWﬂ$“%%mﬁ@mﬁe@ﬁ%ﬁ”ﬁﬁ@ﬁ@?ﬁal conponent is a

| i near conbi nation of process neasurenments. 30. The nethod of claim 29
further conprising creating engi neering nodels based on known engi neeri ng
rel ati onsB2.ps ‘Emdsysombifrulaig 2 witer¢ih eaid eddundanep diedcks frer2x@ ahebks.equi prent
groups and/ or operating node. 31. The nmethod of claim29 wherein said nodels
are recalibrated with a new historical data training set. 32. The nethod of

claim 31 byrt hepe SQMRT HdHh 21RPhcRift Baid keduiRcH RGO MeRitItiHIE PSBubdMicy

checks.
24,  The system of claim 1 further comprising inferential measurements.

25.  The system of claim 1 wherein said set of models has been restructured based on

process operations.

26.  The system of claim ! wherein said industrial process is a chemical process.

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

29. A method for developing an abnormal event detector for a industrial process

comprising:

a) dividing the process into equipment groups with minimal interaction
between groups and/or operating modes having specific time periods
where process behavior is significantly different,

b) determining input variables and their operating range for said equipment
and/or operating modes,

c) determining historical data for said input variables,

d) determining a historical data training set having no abnormal operation,



nodel s using fuzzy Petri nets. 33. The nethod of claim29 further conprising
the step of displaying output fromthe set of nodels as a nornmality trend.
34. The nethod of claim?29 further conprising the step of using fuzzy Petri
nets to interpret output fromsaid set of nodels as normal or abnornmal. 35.
The nethod of claim29 further conprising the step of using fuzzy Petri nets
to conbine nodel outputs into a single continuous sunmary of normality and
abnormality. 36. The nmethod of clai-®29 further conprising the step of

suppl ementing the principal conmponents analysis nodels with known

engi neering relationships. 37. The nmethod of claim 36 wherein said known
engi neering rel ationships are 2x2 redundancy checks. -64- 38. The nethod of
claim 36 whergi n saeainkneeofengleisdeclidiog pehcpdl comboneat artabysismodelsdi mensi onal
redundancy checks., 39. The nethod _of claim36 further conprising.the step of
usi ng fuzzy Petri Heidedip thesshiong forep id uRMERE PRUPS %3(%83@% % anal ysi s
model s wi th known el isid hiskécal dAERhRR serPherdheadiBiiomhapt I al m 29

wherein said industrial process Is a chem cal process. 41: The nethod of
cl ai m 29 wher ei n s@imponentisa ek copnbioatim dfpracegraneasutemendal process. 42.
The met hod of claim29 wherein said industrial process is a refining

process. 43.. A nethod for determ ning an abnormal event for an industrial

process 8@NprThd Method ONFlaini 2DFRMEF HPFBRS FQARE bifeihdefifly SRMde]s bagdohr i al
process to nmeasurements for normal operations using a set of nodels

i ncl udi nkpgyy enginsaring wsiationthips ad sppbiningrwileths sofndmeads!s fensail process has been
di vi ded l?tﬂlﬁxgr[l&ﬂ -o%gﬁgﬁdl&r }4&§mg%/ddgg m ni mal interaction between groups
operat I ngL d or [

and/ or es an ngl neering nodel s wherein a principal
conponent
31.  The method of claim 29 wherein said models are recalibrated with a new

historical data training set.

32.  The method of claim 31 further comprising the step of combining output from the

models using fuzzy Petri nets.

33.  The method of claim 29 further comprising the step of displaying output from the

set of models as a normality trend.

34.  The method of claim 29 further comprising the step of using fuzzy Petri nets to

interpret output from said set of models as normal or abnormal.

35,  The method of claim 29 further comprising the step of using fuzzy Petri nets to

combine model outputs into a single continuous summary of normality and abnormality.

36.  The method of claim 29 further comprising the step of supplementing the

principal components analysis models with known engineering relationships.

37.  The method of claim 36 wherein said known engineering relationships are 2x2

redundancy checks.



anal ysi s nodel corresponds to each equi pnent group and each princi pal
conponent is a |inear conbination of process neasurenents. 44. The net hod
of claim43 wherein output fromthe set of nodels is conbined using fuzzy
Petri nets to provide a continuous summary indication of the normality of
the process. 45. The nethod of claim44 further conprising the step of
creating Pareto chart for an equi pnent group, an operating node, or
engi neering nodel. 46. The net hod of 0¢1-ai m 43 wherein said industri al
process is a chem cal process. -65- 47. The method of claim43 wherein said
I ndustrial process is a petrochem cal process. 48. The nethod of claim43
wherein said industrial process is a refining process.

38.  The method of claim 36 wherein said known engineering relationships are

multidimensional redundancy checks.

39.  The method of claim 36 further comprising the step of using fuzzy Petri nets to
combine the set of principal components analysis models with known engineering

relationships.
40.  The method of claim 29 wherein said industrial process is a chemical process.

41,  The method of claim 29 wherein said industrial process is a petrochemical

process.
42.  The method of claim 29 wherein said industrial process is a refining process.

43. A method for determining an abnormal event for an industrial process comprising
comparing online measurements from said industrial process to measurements for normal
operations using a set of models including principal component analysis models wherein
said process has been divided into equipment groups having minimal interaction between
groups and/or operating modes and/or engineering models wherein a principal component
analysis model corresponds to each equipment group and each principal component is a

linear combination of process measurements.
44,  The method of claim 43 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.

45.  The method of claim 44 further comprising the step of creating Pareto chart for an

equipment group, an operating mode, or engineering model.

46.  The method of claim 43 wherein said industrial process is a chemical process.
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47,  The method of claim 43 wherein said industrial process is a petrochemical

process.

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



