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loss of heat transfer from coke formation in furnace tubes).

[0003] The direct measurement of process stream quality and other key
operating parameters can be both expensive and trouble prone. On-line analysis
incurs both a high initial installation cost and a high maintenance cost. The on-
line analysis often requires a dedicated process sampling system and an
environmentally protected field shelter for the analysis equipment. Maintenance
of this equipment can require specially trained personnel and high preventative
maintenance effort; however it is often the case that maintenance is done only in

response to a known problem with the on-line analyzers. Recent on-line
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detecting abnormal analyzer sample values or for predicting abnormal quality

excursions because of abnormal process events.

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

quality training data be used to build the model.

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

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

quality inferential models of operating parameters to detect abnormal values and
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engineer

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

these methods have difficulty incorporating the time dynamics which are

characteristic of continuous industrial processes.

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

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

the operator to drill down to the underlying abnormal indication and the
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[ 00181 Fi gOFQCEss sWnasean- | i ne system for cal cul ati ng

inferential estimates for abnormal event detection.
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boxes represent the prior art steps while the dotted line boxes represent the areas

covered by this invention.

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

calculations for the online system portion of this invention

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

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

inferential model.

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

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

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

the same line to the analyzer.
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process depicted in Figure 2 can be segnented into
[0031] nujAddisionallpnasprogides a method for creating the necessary

inferential models and analysis mechanisms for the on-line system.

I.  Inferential Measurement Abnormal Event Detection Objectives

[0032] With respect abnormal events and key parameter measurements such

as product quality, it is important to know:
¢ Is an on-line analyzer or laboratory providing a correct value?

¢ Is a model used in closed loop process control properly

predicting the value of the quality?

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

change or an abnormal event?

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

value?

II. On-line Abnormal Event Detection Using Inferential Models

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

segmented into four major portions:
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against the zero and span of their transmitters to ensure that the signal is active
and within the transmitter range. This check handles two different cases. Some
DCS systems will use a 'Bad Measurement" flag for input signals that are outside
the 4 - 20 milliamp signal range. Other DCS systems will maintain the last good
value within the 4 - 20 ma range until the input signal is once again within this
range. Additionally, the system recognizes the flag used in the DCS to indicate
that the field device is going through field maintenance or calibration, for

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



9 WO 2008/ 106071 PCT/ US2008/ 002428 [00361 In addition

to the m ni nrum and maxi num operating range checks,
woresit@7anal yzers can be run by conput ers whi BOT/US2008/002428

provi de diagnostic information on the functioning of

the field equipment. For on-line analyzers, the
[0936] ent Insadditien ya theemirimura andrmaxisim @penasing wmpge shecks,

oé—iiggé}qb{y%gg%%qn ﬁfﬂ?fﬁ thge 0 W@é%’l?}'@ﬂ%é&&@ggﬁggn&%%c information
org Ll?enﬁm {ibﬁgl hectqug ‘égﬁ%xﬁé}ﬂt Fbﬂﬁnﬂﬁf@ éﬁ%‘l r? qg Qkrent
C ange8 an r'easonabl nount . IS ARLEEhabt 6

sarARARANEEAKDE Bomparsd pthe R Bvids Pysut0 CRaEKIAY thatethB elew
value wth the estimated val ue and checking that the

vataehBs ebargesl ensughttarapafirbythaha newr edse habbeemtransmitted and
[00371 If the nodel inputs, the on-line anal yzer .

chegkingsthapthe pv Vabis basohgt changed an uargasqpgblgramepnt. This

L d '
o RSB PR ol PR P AR o e
wnﬁ%ﬂe EQihated vAhé and CReclARkItRAShE Y BiahAakdti dMnkBE by an
closed | oop control application, request a field

uireasdnable atpeunanal yzer, request an instrunment check of
an input, or request a new field sanple be taken and

RN ook s RS B Speh AR B RS L Mgy
vATBEOBRBAN B tHe' #1084 OFrBP cREAEE thel SPerARF HoulaMetifferhted

cal cul atéd. The anal yzer or lab result may al so
immagdiately a Ifrttenfantare petsists,ahe bperatdr may need ¢o take follow-up

consistent wwth the inferential nmodel form [00391
aqtions sngh ap disebiiag the glased dpep £ontrel applicatipapgsguest a field

R S B TSR B B ] v
Sy b S ol by sUBGaOR) 5© oo Do

Otgggi cally an exponential filter. B. Mdel and
[0838] i st i@ase hegaw modgt Ipusioptnutsigads pass4be grass error checks,

o afRasRed WRfStotmrdleclfa soF PoPBRmER e e it
arfByR% 08 I4PHSLIYAG) 4R RAuirApatncRRiiRal BnsiMRNbATo be

['1'near regression. In Figure 2, ree types o

caBistentavitie denirdfemnéiabaiodg] form.

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

frequency rejection filter, typically an exponential filter.

B. Model and Statistical Significance Calculations

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

identified: first are near term problems with the quality measurement itself
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identified: first are near termproblens with the
gquality neasurenent itself 10 WO 2008/ 106071
wEOIBWEDO08/ 002428 (using the Yesti mate val uepCT/E80810D2428
are predictions of a significant quality excursion
caused by abnormal events (using the Ypredicted
(usingithe, Y amshed Vilue), aeeond amg:rt:@nc%paﬁ of 8 sigrdfcantsquatity
either the de|] or in th aw negasyrement (usin t he
YRPID £ayisedBy AbnainRk G (B 15 emtewsa@wi 3 thirdare
t.ijmate. Ie C r Lcatl .
IofR kit Bloptafs if eRhePHRGRBAra ML rARBCARhofEn: (psine
tHeURAW IBiadE 344 aR ddifRsiial W8 Cor tHpMAEdE! 8l estanatefoP e o a
[ 00411 The nodels for calculating these three types of
prockey cardral wpplicgtiomebgrssandreséalculated: hr ee maj or
conponents: time synchronization of the nodel inputs
' ' BRHMK R e inf ereryi al I
C%io(l:ih?a &'E%ﬁhgﬁﬂké%él/ddgﬁgal CUTAE T O ng&mﬂﬁ df@'cfg%%gl\(ﬂg""é
byproduct of the bias calculation, the Raw Bias is
[094d] y z e dThemadgnfarfoplawdeting these thegeitypespefoblened auality
anal yzer calibration.drift. Tinme Synchronization
mféﬁﬂ%ﬁ(’@ﬁi?tiq U FAMRONENIS: ysual |y the sl owest to
respond to process changes. Therefore the inputs to
the noded Higgelsyrichpenizhtien oY tled rivdel &thutd With thBQuality
qual ity nmeasurenment. This tinme synchronization is
i ndi cat ed mmeaSugument2 by the term"G'. This is a
dynam ¢ nodel nost sinply represented by a

differenji %fefjf%’%{%’?;u%ﬁe? cgfblllﬂléti&{] or Laplace transform

transfer func as a irst-order deadtine
nodel : -roes Equation 1 Y(s) _ _ e X(s) s) Tau*s+l
Wher e X(®) biaslaapddation aadsipdate of t he i nput signal

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

identify model calculation problems or analyzer calibration drift.

Time Synchronization

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

first-order deadtime model:

¥(s) oD% Equation 1

X(s)ZG(s)=Tau*s+l

Where

X(s) - Laplace transform of the input signal
Y(s) - Laplace transform of the output signal
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Y(s) - Laplace transformof the output signal 11 WO
2008/ 106071 PCT/ US2008/ 002428 (s) - synbol for the

wo e@sdb@rl f uncti on e-TD." - Lapl ace transfor m POr/U82008/002428
pure deadtinme of TD Tau - tine constant for a first
order ordinary differential equation s - Laplace
t r ansf or nfager-asysnkol fooGaeitransfer functipor t ant to note

h h d
el - A £ 3t sdApAKIrnsTuRa FooR B EaRens AEdDbor ot ed
in the in Le@ﬁh@k?@egﬂ for BATBLRE SegfHE BTLBR AP Rlation

devel opnent " stage iI'me synchroni za

&(s). is deveigipedirasstbia fesietdrngl e i nput, single
out put dynam ¢ nodel between each candi date i nput and
is not n

109331 Top 5 imeegamoL i e e AL @giiblerm in this
m%ggﬁ‘r’ﬂ;}l%?éé%lyosfta&%lsah%@ %lsd%% | o‘f‘éor%fteidetUtﬁlg @fefr%l‘ftgrag?{leodel

pérainewrat Diﬁm%]ih@ rﬂMd'élrﬂeG/elﬁpiﬁént s(fé%]d thig/6 /1 sty@lchi'dfﬁzatlon

synchroni ze the various inputs with the quality

muodek G (ghastdevelbped hetheebest sbigle ipu) angkm)utphtedyi}amm model
nodel "G l.aced th a_dynam c node

befiMeRB @@Sa cae(aé%ﬂ%ﬂep%@rﬁm e qyslity %ur%@}te Iam nejfnecggsary

ol A PR Bl o P U R0 hot (e

synchroni zed. Since there is no tinme synchronization,
[00|4§] Ypr donalt efcthe shxee eistimates e ¥iusadefferfent,hut frelatdd time

ﬁnﬁﬂl‘ﬁ state value for "Y' if all of the inputs
Sylné ZafionShei r current value. Inferential Mdel

Cal cul ation [00461 For all three types of inferential

esti mat ionin tHEeYi N Fmﬁer &dlthRtiofPdR! dyramitc ‘iiﬁ&lélc'@}" isM3Bd to time
different types of nodels, such as Kalman Filters,

partial | eaymchremzarthevaﬁbﬁs inprxys edth the,quadity aeameriesnent.
or stepw se regression, can be used for the

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

-TD*s al‘ld

with a dynamic model " G* " without a deadtime term e
where all of the other model parameters remain the same as for

"G" .

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

remain at their current value.

Inferential Model Calculation

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

usually cross-correlated, the calculation is very simple, and the contribution of
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nodel cal cul ati on. However, the PLS nodel is preferred
because the inputs are wusually cross-correl ated, the
w@adosab@ri on i s very sinple, and the contri but POTUSI008/002428
12 WO 2008/ 106071 PCT/ US2008/ 002428 each input- to the
nodel result is easily determ ned. If _the process has
ea:i:hslnpuhty thganodelresult tseastytdeterminedodf ﬁmmye&ﬁ&as a strong

nGREReA L oW narsagy Be shithsoSs i dpr Hifueh GO Tormp of the
inplfs 'ﬁ!re% g&{a’l nkDfodel ﬁ“@@ﬁ W@Qtl?% gkeep the

onpli atent vari tructure for the on l'ine
calculatlon In original latent variable form

[0047nt VEer s RIsS madel gheres léqudrt@dﬁqepﬁbapomphcated latent
centere

v%r&ﬁé gtar%lhlglg?s fq%qhtpg)gq geanggcu aﬁpoq{l@ ligten"il varlaBFe form, the

latéht kvgékﬁ?%'\k‘x%f @%adshggiug n(%%nbm?ﬁoﬁ%(iﬁf Y Eécéhtered,

uﬁit vEﬂuﬂdd saléd inpuewariables, X1: he | atent vari abl e I oadi ng
(coefficient) for input "i""and latent variable "j "

B" - regression coefficient for latent variable "

AN N Equation 2
Lk - significant |latgens varigpbles in the PLS nodel IR
- PLS nodel ou{lt;&u‘t hat E(%ll’Lrﬁék 3& X N"&rkel}ffhe tine
synchroni zed raw or transfornmed inputs. LV Bias -

nodel const ant yi=oB) Maggl+ devel gpenB, FQO43H BV Bais
the factors and coeff| cients for each input can be

conmbined into a single coefficient to make the Equation 3
generic PLS nodel calculation quite sinple: YN =A
*XI N+HA2* XZNH+. Ak*XkM@kasXEquyti on 5

{,mean

o, Equation 4

i

Where i ; - the latent variable loading (coefficient) for input "i" and

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

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

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

Y =A4* X,y +4,* X,y +..4,*X, y +Bias Equation 5
M
*
LE(B" G )) Equation 6
A4, =
g,

J
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(B,, * aj,n) Equation 6 _ n=1 A~ 6J 13 WD 2008/ 106071
PCT/ US2008/ 002428 (B" * a J," * X J,nmean J Equation 7
wBr@s/16d0VBi as - "-' \Wiere aj - standard devi ap¢DOSIDS/D02428

Bi as Cal cul ati on and Update [0049] The nodel for
estimating the quality needs to be continually updated

to conpensate for nodel errorsyand for unneasured or
unnodel ed effects that aff(iit}: B,ge*@jg,t*w(ilm@ sur eneliquation 7
The easi est apprq;gsc_h s ppupdat e the additive bias

term of the nodel. ’I’ﬁe-’rnlfyi al valugsfor the bias is

nodel _const r i durind the nodel
“QLE\?%I opnefi -gfaa@g?d ﬁi%\%éﬁf){spo%at ed based on the
resi dual between the nodel estimate and the actual
Bl Galculatibaranddpdather e as the "Raw Bi as". Raw Bi asN
= Quality MeasurenentN - Quality EstinmateN Equation 8
[A0A9$0] Thhé nfcRiet Boradstipatirfy (I (UAlFE dedy 1o Bheonttmidl updated
on-line analysis or |ab analysis is available, all of
tot tomperate farpnodelpasss ahd fgr usseasured or uankedededi effedts that

ew Qual ity Measurenent passes its gross error checks..
af%ﬁﬁ;}h% ﬁciiuaﬁ@eaawamppéf dhegasisat ppeach Hetou the additive

. 1.5 ,val a .show freq . typical l ver
b5 Recth? el JuR Rty bt 26 pias S e metieh Sl
| 31 I M
AR AU I (S THOLT SRR PSRN, (O 8 bpsed on the
reSidulal betveseal the ensdd restinfate and the dgtuglorglué,aefertédito here as the
Ldi a%;]os:’ti c checks of the anal ysis equi pnment or
Rype Bigonal | y run calibration sanples. The bias update
should not run if the diagnostic checks indicate a
problem if a calibration sanple has been run instead
of a procesRaneBipl £= OdalihBleaairehent| eudIBy Esifate, Equation 8
unr easonabl e no change in val ue between sanples or tqoo

i_g. of a_change. between sanples ), or the process is
[q%ﬁﬁ]an abHys ﬁgﬁ:u&tg{@iswr@nrgpﬁﬂrgyzwbqn a new c?n-line analysis or

lab analysis is available, all of the model inputs pass the gross error checks and

the new Quality Measurement passes its gross error checks. Many on-line
analyzers can only provide a new analysis value on a slow frequency, typically
every 10 - 30 minutes depending on the analysis. A change in the analysis value

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

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

will be a part of the time synchronization model.
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Typically the time between the process stream sanpling

and the delivery of the on-line analysis results are
wa@omsitedoent from sanple to sanple, so this deaPtT/Ig2008/002428

will be a part of the tinme synchronization nodel. 14

WO 2008/ 106071 PCT/ US2008/ 002428 [0052] If the new
[0052)e f or Ifi the ngvavalug fartheuqualidy tneasneeméntgonaes from a

| aboratory analysis, .the ti that the field sanple
lageatonialyelss s I Hipl dhe TRl SATRPIGav e iakeR Mt ibe used to

co ri ' : ' t] \ e
GRSk E el B 2 APEB T Thime
bédReh 3t AhNu 118 tsAmpAd and e/ délieety fdfaRO1dboratory results can

Consequent|ly accounting for this deadtime occurs once

viryssighificantdy o Gonsegudntly aoceuntingyor thos déadtime belind once the
oper at or tookthefield%grrtple at tine "K',_and th .
labgratanaresults agexegdy o9 if s figldopsratontookiihg freld,spmpig\at time

_— ity .Measur N -. [ i lmt eK Equation 9
Rocudhtay BRaVERIRNG o e, S R or e 1 or
updating the "Bias" from the "Raw Bias". Anmong these
are progesdting, +DraReWBisaeentr: ) —Diladiy Paserart] | t er ,Equation 9
such as an exponential filter: BiasN =a * BiasN‘| +

(1- a) * Raw BiasN Equation 10 where - sanple tine

(35 0 iR Sl rhdTRpBPeRbL RS Ror FARIG i from
tHRYFOAPBIAsA] Amddeihelé BR: FRTRSANE hORBABAS WIPAIEW Pds filter,

en the inferential nodel is uSed for a process
suohrdsran exgmiendial fitter: f or abnornmal event detection the
filter time nust be set to a long tine interval in
conparison to the sanple tine, typically greater than

20 times theBiggpplae: Biawp, +Hora)eRampBies, i f an on- | Eqeation 10
anal yzer has a 10 mnute sanple tine then the filter

time would be set greater than 3 hours, resulting in a
w}ﬁg}eue for "a" greater than 0.95. [0055] Regardl ess of

e specific a_Ig(o Hsbmplaaimeadringd at i ng t he updat ed
bi as, @=cxp ﬁltertjme Equation 11

sample time period - time between analysis results

filter time - exponential filter time constant

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

value for "a" greater than 0.95.

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

absorbed into the bias update calculation. The more slowly the effect of an
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t he key requirenent for abnormal event detection is
the specification of a long filter tinme so that the
we@tdosaoeoof t he abnormal event is not hidden byPGRUSZY08/002428
absorbed into the bias update cal cul ation. The nore
slowy the effect of an 15 WD 2008/ 106071
atrOTMab2oo8) Qpr4main thequality measunemgnt campared torthe specified

e T s (A I L
thg §§tt41£t%§.gf %lgri‘ erp‘gall %Ve ltt%e%éw t1s ‘3' sﬁ{»ﬂcdil!% g@ﬁ\'}:or;r}g%urement,

r ﬁﬁ‘ﬁhg hﬂ@qﬁﬁaféih‘ﬂlyVélbﬁ’nﬁité’r gmew filter time. C. Using
uzzy Nets to Nornalize Mdel Results and Combine

t he consol e operator SO that he knovvs V\,hen a result
[6056] cat dsor abmarmah eutntaletedtiany dne numericklkingdelTtesults require

indeTRpBHON farobe FOBPOlCARFTAINE S8 SRR IIONS YAED ATEBH: ghdicates
bl 5?9&'5"51 Ak R Thely STHeGRE AR AftoP o yiF EREHRG huion

is30 uBB RGP jer'| 8RPtHe Jrhtditical Fas QNS oPthesa el @sifuals,
howth|S|s oneé. The solid line is a mathemati cal

adf nmcctsentedkbpothenaﬂamdardfdematfors; to aredtd an estimatetaf the
normal i zed residyal of a nodel (normalized based on
likelthaodofcpty ebnesiad evert- of t he resi dual) into the
l'i keli hood that an abnornmal event exists. The system
[0059] selRighfe 3 BRows @i cxample of Hoethi® fiedoree STIBS1id line is a
results are definitely normal, in this exanple when
mattenmasibal furegioddalovws abat {fm:f er().andahdorvestscf notmealized
resi dual

fegltéil%lgﬂ of gngoe(i/eﬁ 25%%@@%%“2 m%r?&%;‘a"d‘é?«i deviptonf the gesidual)
i RGO aL AP Erad S ARG G0 R Siper slgts the
re?i&%h@%e%oé’él r@gﬂﬁﬁﬂ&lshfty afé‘d@ﬁ’ﬁi‘fﬁ? oM@t §n Qﬁi@%@(ahﬁale

['1Tnear interpolation fromzero kel i hdod at 1/
whem tictama ddbrcs aiuab s betwb@i%0.3 akd:DiShobiheatarlabd dtmlratiandand
deV| ati ons and the eqw val ent cal cul ation for
i

whew the pedel gasigual d¢ﬁe aldtmétpwruahmmalitﬁé@ thissexample

whiR S moliEL ¥Rl i foausL S SRREd HEF abioB of Relow 55! Fandard
dévikdis) 0 aheikelhood of an abnormality in between these areas is the

linear interpolation from zero likelihood at 1/2 standard deviation to 100%

likelihood at 5.5 standard deviations, and the equivalent calculation for negative
values. The dotted and dashed lines are typical values of the likelihood (60%
and 90%) where the console operator would be notified of the likelihood of an

abnormal condition.

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

assuming that the data distribution function is Gaussian or Normal:
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abnormal condition. [0058] The specific probability of
an abnormal ity depends on the data distribution

wo oovstioem f or the residual. This table 1 showspPeh®s2008/002428
percentage of normal values that will fall within
various standard devi ations of the nean val ue assum ng
that the data distributi onl,f&épfc ion is Gaussian or
Normal : 16 WD 2008/ 106071 7US2008/ 002428 Table 1
St andard Deviati g%%/ralormal vValues 1 68.26895% 2
95.44997% 3 1(99.7

9032647"/%\,4!99 99367% 5
99. 99994% [ 0C )n for the

residual usuglly doed not rratch 8. 282 %0an qr Nor nal
di stribution.[ Tnstea 3 co T TWo
pr obabi |l i ty distrij hgfl ans, tlthe :ﬁggﬂgg@]&d““ ng nor mal
| steady stat|e operafi ons and t h&%23002%!

di stri buti on [guring derate [pro TS. |In spite
of this, theltable can still W?@ﬁ Aceptlual | y

gui di ng the gdroper sdttings. [006191993’&7%rmde
resi dual s havebeemr—convertedg to th oo gcal e of
"l'i kel i hood af the exXistence lof ag '%44@ gvent "

mul ti ple nodel residuals can be conbined to sunmarize

[006996 poHbiveRer tie ddt€ dptibetion fpethatresiduallisuallysloes not match
té pically done by picking the |argest |ikelihood of an

siamlor Noravad trthuyonnﬂ;@l%c@i ltmea@@mlmltgm‘mmyprobablhty
ARy R B i e AL EP ) IR AYGUPRY ang the fesidual
diglr 1y '&ﬁilnﬂg/ m%'d%thE ﬂb@t@r TR SHitd BF RS thkRSble can still
act ual quall

y neasu erren
help in conceptually guiding the proper settings.

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

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

models.

Detecting Quality Analysis Measurement Problems

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

greater or less sensitivity.
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and the estimated quality nmeasurenent, Yestimate This
difference is the quality estinmate residual. The

wae@sitedorcal |y normal range for this residual BODUSZHOE@02428
cal cul ated fromthe standard deviati on of the residual
duri ng noderate process upsets. As in the exanpl e of

10463 e “Foi e tionmal neentidffecdione wi‘ﬁ%'sﬁ 99. 9%
1rﬂ le%t&%dfﬂ 2h oglt%yhkelﬁ%oﬁgcﬂ?nst Inc c]i—g{ryl lity, aftfotg dall analyses is

rrespond’to approxi nate I ons

czﬂh&@lﬁtéd ﬁﬁhﬂ@{eQndI\h@udTEﬂd%lmboﬂb (See Bipugeld).. The@®emalized
limts can be tuned to provide greater or |ess

qeaityiestiniaty residuaho(iroosiizod (byldlpmmgms;dmldwne gtandard

[00621 Faor a t cal abnar eve t detection, AED
deyiation é‘urm&ﬂ!oé%r’@:l] Pa?ﬁaélﬁng)apog Y%SWR Uy Gfo s Tuggy petri

rr?tbgéi fﬂléilh%}’ F&E@‘{}gﬁn h &?@Jaﬁﬁé r%sﬁgu@;ih{io‘;@%t 1§ger1{1r{a %H‘& )
al%tﬁflﬂdm?' ewherd HuéLdtilieah SO MODHHd F.S K ¥rslil §o% ﬂil&mal and

resi dua its standard deviation during nornal
vapes atthfmg):atfeo tha §.5e81aloy dess thae -5 SphiDsare 100%@abnamal. All
petri net. A fuzzifier converts each nornalized
an%xwa paoblemsare rﬁla_ﬁn wemanl@eé together by pelsetiag the/higheel e

L bet d 0.5 SD 100%
h\se? 180 S Bty ThRdpegar K08 B e R Bk nGlfgption
oSIB1 Rftiey ﬁ?éﬁsur%nllent bl %vh‘éﬁqrik FRE1iROEd WgR beyond
rizet together by s ectlng t i ghest

60)‘VoL<WHiJ§i®Odrre§p(ﬁnlsabl305 stahdand deliatioger at or woul d be
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val ue of Ypredicted. and the actual future val ue of
Y ¥reaicticaik e axstbalnfatereofalucofYerTlo best estimateobtiabeirot is the

di strl bution of the quality estimate residual,
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g%a%ssmn %1S(¥r18ut(i&§, 3 1E1e1reS§ %telt)l%tts 816 JER b ct:]twefelrjlttHe %ut\ﬁ%le Value of

Y and Y predictea- In this example, Y pregictea is 1.3 standard deviations higher than

the upper quality limit. For this value of Y pregictea 90% of the future values for Y
will be above the upper quality limit and 10% will be below the upper quality
limit. For particular likelihood estimates, this table 2 shows the offset above the

upper limit needed for particular values of likelihood.
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value into the |likelihood of a future limt violation

[0064Ed onlheEugzyinstishowa indfigere ashowshpiddis methpd is

T
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when Ypredieted is higher than 1.64 standard

devi ations above the upperYguakidyUpperd kimither eas
t hese corner point values are not strictly true,
these values allow tRe TuUzzZIitTrer to correctly

calculate the likelih %: . 255 standard
devi ati ons (the poi nt og;[tg n%ridgge?lﬁgbgﬂ‘é‘l"éis'(ﬂ?a‘e\ﬁé‘ﬁﬂa'd get

his first
[0065] The fuzzifier converts this value into the likelihood of a future limit

Equation 12

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

notification) and 90% at 1.3 standard deviations.

Checking the Raw Bias for Model Problems / Calibration Drift

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

the model or a change in the correlation structure or in the time dynamic
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I stica
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its standard deviation during nornmal operations. A
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V -
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Once the statistical limts remain violated, the

OR8] 2 QUL S e AR B R
inSRIRLE tdRdvE BrAinshuficht ihnididh YREEK tHe AREPAT AN a calibration

sample and recalibrate the analyzer if necessary.

D. Operator Interface Displays

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

in Figure 7.

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

a 60% likelihood of an excursion while the solid line corresponds to a 90%
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Equation 13

So the size of the solid bar associated with input X; is:

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

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

standard deviation of this term from the training dataset

Dotted Box Size; = Standard Deviation (A;*(X; y -X; n i) Training Data
Equation 15
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wo\asii®7si ze of the dotted reference box (i ndPCHUB29G8/002428

expected contribution) is the standard deviation of
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Equation 15 21 WO 2008/ 106071 PCT/ US2008/ 002428 111.
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descri bes Egﬁﬂggﬁw&do! ogy for each step of the

met hodol ogy shown in Figure 1. The follow ng

par agraphs are nunbered to correspond to the nunbered
boxes i m® Spans the operating range of interest

e Includes a balanced representation of the various operating points

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

process condition

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

Figure 1.

1. Identify Inferential Measurement Operating Regions

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

were relevant to the planned inferential model development and which operating
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Figure 1. 1. ldentify Inferential Measurenent
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are taken infrequently, we need to rely on a simlar

2 h daeh ST e e SATOPRBREANEE, ¢ “ror” ™
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"substitute" for an offline quality measurement for the purposes of calculating
the time synchronization. Because laboratory samples are taken infrequently, we
need to rely on a similar on-line measurement that can be expected to change at
the same time as the laboratory measurement. For example the 95% boiling
point is highly correlated with the final boiling point, FBP. The FBP inferential
model can be expect to use measurements which are highly correlated to the
95% boiling point and the time synchronization between these highly correlated
measurements and the 95% boiling point is assumed to be the same as the time

synchronization with the FBP.

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

note whether the automatic sample point for the on-line analyzer is physically
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paantoelaniges process nmeasurenents. Consequent |y, Iong
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[0082] Continuous industrial processes operate primarily at a limited

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

likely source for the data.

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

model, variables which are indicators of process performance, of process
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par ar s I'nput's berng eva
small number of the candidate model inputs will ultimately be included in the

o3 AU

model, the sample times that can be included in the model training data will

change depending on the particular set of inputs being evaluated.

6. Identify Periods of Steady Operation

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

typically be around 25% of the total data set.
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anges are

Low Limit = - Standard Deviation roc

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

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

changes are large.

8. Identify Normal Ranges for Inputs and Outputs

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

linear operation (e.g. tower flooding as indicated by high tower delta pressure).
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In addition to the filters nmentioned previously,

hti o . i Y .le

I a1 o8 bo Ui Rers AR FivRosly, additonal data flters
caibé Uidate RPAIt8INatiaally Elcludealavadaringeidiesdvedy unaisual

Noi se Ratio [0093] A poor signal to noise ratio can be
operatiens.by a | ack of a strong signal in the data,

of ten caused by good process control keeping the

1GP BRI POBE Slerlal fo RRIRCRAGo O DY an excessive
a . \Wiere it is caused by
ck of .signal rength, .these neasurges _are hest

(98T A gioo? HemaT i BPRe Farid 45 PeTestd BY.ath s b A chong
Bhhiter j [ hdters

SighALBRC 120, SReh calfodby B8 prd08s PR L REIe the | B

measigefrieht aear. itsTiwpsint.k@r by lahesxgesdive amorat of adisa in the signal.
measur ement chan?e to a preset maxi num change. Any

Wherre #ris cansad by a lagkoof signalstrangthithesmamegasurgs pee best left out of
re r&%uced in the on-line system so they need to be

thﬁﬁﬁg ally realizable. The filter should be chosen to

m ni mze phase lag. 12. Create Mathematical Transforns

1bf Rler Bataawitlh Saddotlimg Fibtees/eSgike Filtérsof t he nodel s, a
nunber of well known transformations are enpl oyed

[0098] udi NPhe hiRGt ESRARIPiITRES IEdel afOSPIREII1ieR8), mid-gass filters
anal yzers and tower overhead pressures, conversion of

arfd, dow pass (ilteensThekpiks filters often restrict a measurement change to a

preset maximum change. Any filters that are applied to the data need to be
reproduced in the on-line system, so they need to be physically realizable. The

filter should be chosen to minimize phase lag.

12. Create Mathematical Transforms of Raw Data ‘

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

ratios, and applying pressure compensation to tray temperatures.

13. Build SISO Dynamic Models

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

each candidate input and the analyzer value is developed. These are single-input,
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rati os, and applying pressure conpensation to tray
tenperatures. 13. Build SISO Dynam ¢ Model s [0096] To
whandiiesorhe time dynamics in the data, a dynamPCr/nezmes$/002428
between each candi date i nput and the anal yzer val ue
i s devel oped. These are single-input, 27 WO
singRRHUPE0 Mo delET SIS0 68d ety dcally sigipde durstrendenphiss deadtime
SISO and are typically sinple first order plus
gltine nodels: Y(s) _ §s) e-TD's X(S) Tau * s + 1

Equation 17 Were X( - Lapl ace_gransform of the
i nput signal Y(s) - l.agf)trafisf orm of the output |
signal Gs) - synbol X{gr tﬁsg tFautsfer function e-Egsation 17

- Laplace transformfor a pure deadtine of TD Tau -
time constant for a first order ordinary differentia
equaWlwere s - Lapl ace transform parameter [00971 It is
nei t her necessary nor desirable to develop a

[ti-i i.ngl,e- .d m del .
ggcghsgnt) #Iéy)?ﬁgéﬁ%@ea&g‘t‘%%qh#ﬁgﬂ@ as&%rfarlg}) as ed, M SO
model i ng_ Rl Il raidIBich IqTant bkt slgimanced by the

particul ar  Set i nputs selected for a nodeling case

run. 14. ByiyovsyntbelMfof tientansted filliaies from the Data
[00981 If there are no persistent unmeasured |oad
di st ur banées i-A-aphacedsansform fer & purg deadsige of A

ggggt ;2? s ?ﬂ{lféﬁ{lﬁgééﬁ%tﬁ%aﬁ(ﬁ és%%? lpldq;g%Haﬁlrgéyléagf_fér%nﬁgeequation
Persi stent '%@%@frgﬂsﬁ?ﬁ?%afg‘?‘%*r bances can severely

bi as a nodel . “To avol as problem nodels w il
be devel oped using a formof differential data instead
[997] he fliis neitharaecassasy nof desivablate dgyelep @aumuiti-irp single-

oytBp LS G Sadhit sl B EinerinbfisrF€ e Y bz preetatea,
MIB® MoldbRhE festsUe STAfiLaRly influenced by the particular set of

inputs selected for a modeling case run.

14. Remove Slow Trends and Biases from the Data

[0098] If there are no persistent unmeasured load disturbances in the data,
the coefficients from modeling differential data should be similar to the
constants from modeling the full valued data. Persistent unmeasured load
disturbances can severely bias a model. To avoid this bias problem, models will

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

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

current value:

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

Ai,N =X,y -Xin, filtered Equation 20
X i,N, fillered = (I-a)*X iwwta X i,N~1, filtered Equation 21
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current value: YN - YN - YN, filtered Equation 18 YN,
filtered = (I - a) * YN+ a* YN1, filtered Equation
wa2008Xpgol = Xi , N -// Xi,N, fltered Equati on 20 PXI/US2408/002428
filtered = (1 - a) * Xi N+ a* Xi N1, filtered
Equation 21 28 WO 2008/ 106071 PCT/ US2008/ 002428
ere Y -_qual iai%brreasurerrent Y - quality neasure with

q
¢ ered Val-fBabpmeaspreent: _ candidate input i X -

candi dategi n AN It ﬁiébstl{ a -
exponenti gl f aglghggg{ééea‘ﬁ[tﬁ?‘}lﬁegkggﬁe vabS%EF%ir X and
Y) [0010]] -aadrieoniputial filter constant should be
selected to be between 1-3 tines the dom nant tine
const ant of -tdaadjptate agsit witte filtafddecalue shbtractadi ty.
This can be estimated.fromthe S| SO nodel s hui in
step 13. As -iexPenepialifiltar;comstant (he same value 9&,&) and Y)
measurenent will respond with 64%to 95%of its final
[0049DPNSEThé exporintiak fiftef bamdantahioatld Be seRctdd® be between 1-3
_constants respectively. Choosing tine constants ) _
timks theedomirzant timie constantanfghe pyocdse whigh affieetsubagpality. This
noji se whi | decyreasing the signal strength. 00si, ng,
4 biooxtumated fram s, §i$8trﬂaﬁel§ Kt g siep Mﬁﬂ@%@«p in Pigure
I : ' i r A6} i
1 CYEAS, RBESHERL i PLAURATGAR o8 1 59 GRS FhPrdsfonse
tor%%@%egsaén&gb%&qﬁ 3 tikfe cotstdrits Fo&petilalyethedsindegle
[00101] Using the training dataset creatéd in the
cqnstantosisorsdrahan thik evilli anheli §nthie dlighrdickejuenay nbse buihil ¢
usi ng standard nodel buyilding.tools and pethods. _The,
desprasing the signal stigagth. Khoasipestime samstansy langsn than thig will

antblify, R e RS pes Rl AL asEe o it FoRsten i Be 4 fime
con3iink §aﬁr(]géi ig:gl;m& fhSighhYtoSoisY %tgﬂieheeﬁbkﬂat i ng

st rengt ecting "those wth | argest val ues for
Tay apnd TD will give the inferential nodel an earlier
13 piBuiid thednferenti €abnor mal excur si on and

potentially better ability to
[00101]  Using the training dataset created in the previous steps, the

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

control the process.

Example

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

201, is designed to extract C; hydrocarbons (primarily propane).
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control the process. Exanple [00102] Figure I 1 shows
a pair of distillation colums , where the first
w@odoanmmo7iT- 101, is designed to renove |ight PCT/US2008/002428
hydr ocar bons such as ethane, nethane, and hydrogen, (
known as a de-ethanizer) and the second colum, T-
[(®A03] i s Hesegmedevarakbabnaotal eseity dhatoeedddedateotadi Gritical

propane), 29 WD 2008/1Q6071 PCT/ USZOO 42, 0103
toTthe opertionsef iomar 1&% Adisthe eqrapesition & th%é lﬁlatgograwo

LS T o o8 AZPL B SPu Y

coMib e {I"§\ _peRTohadlky'. anal yzer A201 and control | ed by

an Inferential controller A— 201 controller” [001041
The first s eplnplqie?mn nferafntlal estl ors
o0gfal vy 51 the fptisieh imodesgning FHTIOTa S

hﬂ[l(ﬁ gé’%{;wk{ﬁgﬁé e§§/51|50}%10rg al e{/th? t‘ﬁg aﬁfei bgncheﬁectmlg In this

af%e %%tésﬁﬁﬁaton%bwm ﬁﬁenuw PESH18&hs %tﬁ h?e A Y e‘i»@cmse such as
oop or drifting in the analyzer calibration and W |

plogginéf uha\antalstzeo sampleplovp d?-driftingyinghe dnaltyzngcairbratlon and
hydrocarbon at the suction of

excess of % P nﬁ
wdl prEvEnt p@m Bn %pumetPeém 0y RIRdicjipgranspssent lighhe
Il ow ng current industry

f t I.d be.built
Qg{‘r gglagﬁ%m#%&%ﬁ?%ﬂ@‘hf’sp a;)?t he tenperat ures,

pressures and flows of T-20 1. Anal yzer problens are
[00&05]al edF drydetectinghama]y zéreproblemes, tthe inderaitial eould &w built

bi as", the anal yzer signal and the nodel esti mat e.
follpgving curiegt mdustry qiagiicefrem mepsuremeatyiel tedsmpsratyres,

L0 Ly 0 B R ot Sk oinin e
ti %rmln%std bid%d't‘l‘q%ta%‘érﬁ)ér Smafiand ek Mok fiﬁimate.

|nes on e plot's, but on m nor synptons ower
nornal variability of the anal yzer signal Fi gur e,

[09196} i SEFiggpat 2 shovs atsw&tlm taencmqsecnafed gflﬁhrfmygalrp yeging of

ractlc alldtea U|r
AR Rk I BEkEeR B Gy 2E PR AF b bidRnd
sahiple }rh® 509 hiicatéd by 'tﬁe 8xHER erteall 1thdsi dﬁeﬂ)}é Iﬂefs but only
trigger that type of validation
minor symptoms (lower than normal variability of the analyzer signal, Figure
12B ) is apparent in the data. While it is industrial practice to validate analyzer
signals by requiring a minimum change between sample values, the low

variation shown in this example would likely not trigger that type of validation

check.

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

trap to the operations.
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check. [001071 Between sanple tinme 500 and sanple tine

800, the plugged sanple reading and the actua
w@oovpoesdori on match quite closely, only becauseP€TEs2008/002428

process conposition has not changed significantly

since the plug had devel oped and is operating around
[00108} onpbbe plughonlythsnsiant impret svheintthe composiomebegins nepoving

hidden trap to the eratijons. 30 WO 2008/ 106Q71
SiE) @Bty eH SRPIO MY %o@fﬁefﬁmf%m@, ﬁéf‘salaﬁyzwp\éadve and
when .the.. [ Li [Te] ' Loni £ .
AR S ARTEER IR iy B of5hOBids ARG irtion of
théahb8e B mdth algtRthin, BolWevel BotParewicg! | Be uls Bhe/analyzer
because of the Dbias updating portion o t he nodel
am tHenmbdelodsgimnatt fang confamuimg dachiothere the dioged Bexpacsrol or any
the analyzer and the nodel estimate are confirm n&g is

opereter@etens wavdd be hased pa dhisdpistindernaatianmy Singpdhap

el 3 P e R Shuc e M SIS S ing e

T38RI G I SRBEBE (et AR ot v
osition. [00109] The situatiaqon becones i medi at elt)ﬁe

cO | C
[@d\?’Bbus “he piteation beamesnmediaielyjohyrous whep analyzing
oStatisti.cally.siagnifigant change,is determned i.n this
5308 a5851ggaf. r%\&t%fségzaﬁx ﬁmgcgﬁeq{agge tlsng?]tctl Imeeéi i thill Sase as
a Sta3pepk cHErY%@%fe‘ﬁfb? tAMd three §fh?n\ﬁﬁrcpae\§i§ﬁon§j§ﬁt]i f%hown by the
hori zontal [Tnes on Figure 12D. The exact val ue for
déthedsherézdritablines énuRgghre t1@Davdhe ekadtsaluefirahis sensndis tuned

examning the [ong termhistory of the "raw bias" —and
tocaneid Jalse indigati peambung the kangdgemhistery o thearaw bias

devi ati onsg, dependi on, the historical ,si ghal }
e G bipSos, REE BBl ihres G iR FrarkiBid 39 ions degending on
: j Lt drifti librati f th
e R e AP R R bl L O o uar Sovedr i ft
devel ops_around sanple tinme 500, indicated by the

[00448kd Viaeure bP showee sehtimestrpnds assopigtedhwithydriftipgscalibration
of o8 RRPZeF iy s RGP e B¥nih f¥arih gy fopSafina sample
ti%%?ﬁ@?kﬂdic&%@ﬂ %Xetsﬁe YA Ve %Pliﬁ‘&%l? ﬁé;]gltok% Dut h@"giymptoms

si gnal . tatistically signi hange s
arcepphesit ry tiroaml gzéri (Fégui2d 3B) or model estimate (Figure 13C) data.

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

standard deviations depending on the historical signal characteristics.

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

measurements in order to get sufficient lead time to prevent the cavitation of the
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and is determned in this case as a "raw bi as" change

greater than three standard deviations as is shown by
wo b@sdadored hori zontal |ines on Figure 13D. TheCEXSZNS/002428

value for this setting is tuned to avoid fal se

i ndi cations by examning the long termhistory of the
pumaw Gneestheaneasuaemenisiin Al-20 1 indigatelasnt inemaase lim ¢hee Hghit

five _standard_devi atioons depending on the historical,
hydrgqarbons an the Er4 &k feed, 1ig gy @}ﬁjtu tq heg ¥t dae PREp Cavitation

. cti. anal yzer pr Nr-eeinGt |
s B BN b ERonE ATy Bty RePEDT 42EE BBly oy to get them
ot 6 (BEQBWeR R BESUATHR! 0 RTREAPSS tHERaGKEeMeNt s in order

to get sufficient”lead tinme to prevent the cavitation

(1001 ncinisad she AERER tina iStenad e imatons ioHl Bk enithe
rifyeelfibls ot OBVERSPR Be iRk leddife shlicaling gxcessive

ligh drBYshbeag i asfeel o A-26 RAN § the FeRRHioA M iAP® MBAMIrements
way to get them out of the tower is through the

mowes figdlderafpstrieant, theeaccurd®laBthel inf¢rentalt dseincttor will dikely
the inferential estinmator_ should rely on

t he
detseetateraakiag;thisseleetionoyingyt measwemendiless slegirablefgr

tine indicatin xcessi,ve |ight..hydrocarbons in the
d@ﬁ%%P$6n¥Y§HT¥%b ¥ AR disSpasetsa] i nput measur enent s
noves further upstream the accuracy of the

inferential estimator wll likely deteriorate, making
this selection of input neasurenent |ess desirable for
detecting anal yzer problens as di scussed earlier. 32
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wEORWED008/ 002428 CLAIMS: 1. An on-line systeor/i82008/002428
calculating inferential estimates for abnormal
detection of operating paraneters neasured by an
IM$%e anal yzer or |aboratory anal ysis conprising:
a) real-tine data collector, b) real-tinme data

pr epr ocebs@in on)linesisterafdr silatlasingdaferemtiali dstiamnestor
calculator including an inferential nodel, d) neans
abrgrmal Wetactionraf operating pansppsersiraeasured byad oneline analyzer or

i agnosti ¢ displays.for event analysis. 2. The system
lagpragpgf %@yﬁé’gmﬁil%'d data col | ector measures

process nmeasurenents as inputs to the nodel. 3. The
system of al)ai meal-tiherdatancalléaddonyr ocess nmeasurenent s
i nclude tenperature, pressure, and flow rates. 4. The

system of ¢laim rein [ pr epr ocessor

i ncl udes a%)gr S%é'tﬁggﬁtad%%&&egg&gf the data. 5. The
systemof claim1l wherein data preprocessor includes

mat hemat i ca) t maodd] andwtatistical sighdictate calgulafoeichisdingian
of claim1l wherein said data preprocessor includes a
filter to renpVdeHIItE modelThe system of claim 1

wherein said nodel and statistical significance

cal cul at or dyet eiesingd6r SiANTAHZS) nuHIfleahbddl MR RRIna"
(Yestimate), the future predicted operating paraneter

(Ypredicted), and long-termdrift problens in either
the model - Sha BrRenadiBisnion cyeRagmalyst.
2. The system of claim 1 wherein said data collector measures

process measurements as inputs to the model.

3. The system of claim 2 wherein said process measurements

include temperature, pressure, and flow rates.

4. The system of claim 1 wherein said data preprocessor includes a

gross error detection of the data.

5. The system of claim 1 wherein data preprocessor includes

mathematical transformation of the data.

6. The system of claim 1 wherein said data preprocessor includes a

filter to remove noise.

7.  The system of claim 1 wherein said model and statistical
significance calculator determines the current operating parameter (Y esimate), the
future predicted operating parameter (Y predictea), and long-term drift problems in

either the model and/or raw measurements.
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WO 2008/ 106071 PCT/ US2008/ 002428 8. The system of
claim1l wherein said nodel and statistical
wa@e@nitbdocance cal cul at or determ nes an esti mat BCDUS1008002428
val ue of the operating paraneter. 9. The system of
claim2 wherein said nodel determ nes the predicted
future v&l uelluf systemfafredains 1 ovhirein said medel @éndistatistical
.operatin araneter if all the inputs remain at their
sighcanee gé@e[at?wéwsamef anstimpte of HexalF odilhs ppsrating
[h said nodel and statistical significance
p%@ﬁ'{:e%rgt or further determ nes the future operating

paranmeter for process control application (Ycontrol)
11. The ®ystBm sjstanaifrolainnd evhdrain sapd moded detesminescthe

prethsted BAHES Hejop 25 (a6 GRGLFeady i HE OT e PRGging parameter if
i i ' ' id {nf tial del
ol e BBl Pin GLPICR QR IO, ) par et

squares, regression, neural nets and stepwse
regressi dh. : systemofslaim dwhgreinsaid and stadistical
. nferenti al del is artial |east squares nodel .
sightticpree cilon B Rrites SerdrRingreihe Rk be G PAARIESsefor
' LMl e Sysg em of claim 14 wherein said
pr?)’icgés enrt{%qiagbbl%%é?neg?‘% never an on-line analysis or

| ab anal ysis_of operating paraneters is avail able.
16. The g‘ysﬂg}ﬂ rstemn gif plamf evhareinsiaputsdpdhe saeded for

signi ficance cal cul ator...det erm nes et.her . .
Yottt SpcBrgties S fi o snedRe JiE puflysisuan-tine
a rpfsigr_easured operating paraneter and the estimte of

tahe operating paraneter. 17. The systemof claim 16

wherein said statistical si ?ni ficance_ cal cul ator

i ncl udeslZa dihgssystanmokislaim I svhepeinisaid brfewatighmpdel can be -
btﬁ@s@%@%@y@@?ﬁ%& pg’r%amagtos(,)q%a%gs? ggglression, neural nets and

stepwise regression.

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

partial least squares model.

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

term.

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

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

16. The system of claim 8 wherein said statistical significance
calculator determines whether a statistically significant difference exists between

the measured operating parafneter and the estimate of the operating parameter.

17. The system of claim 16 wherein said statistical significance

calculator includes a bias term which is updated based on a difference between
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t he neasured operating paraneter and the nodel

estimate of the operating paraneter. 18. The system
wo@toosliadom 9 wherein sai d nodel determ nes fut uP€I/US2008/002428

operating limt excursions by conparing the predicted

val ue of the operating paraneter to the operating
thiei measurad opatating yerametst aot shenmiodgh epteématesef the operating

i nferential nodel includes the identification of
PygMetat e neasurenents for |aboratory anal yses. 20.

The systemof claim1 wherein said inferential nodel

i ncl udes18.t HEhé sispdrhfofeddinod vaierpitr said snadel sletriines future

operation and the elimnation of nost steady-state
opgreting ligris exoursionsdysgamparing the predictedvalugi of thajoperating

i nferential nodel includes identification of normal
pqrgmj:é%rqp&ﬁe Pﬁﬁ{i’?@géﬂaltout puts measurenent. 22. The

systemof claim1l wherein said inferential nodel

i ncl udesl9.darlte $yistérarof claine ¥ ovhaeindsiid inferémipl modes indludes

very unusual operations. 23. The systemof claiml
thgridenti ficatinindoff swreagaite measwisargnts fei laberatow anglysesnput

si ngl e-out put nodels. 24. The systemof claim1

wher ei n Fpi dridd\RiGR dfNai AP U YhdrBi 4488 $nfetdifial BIBWERincludes
of slow trends fromthe data. 39 _
the identification of periods of steady operation and the elimination of most

steady-state operations.

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

identification of normal ranges for inputs and outputs measurement.

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

data filters to exclude data during times of very unusual operations.

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

single-input, single-output models.

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

the removal of slow trends from the data.
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