WO 2006/ 029290 PCTI US2005/ 032093 _1 APPLI CATI ON OF ABNORMAL EVENT DETECTI ON
“TECHNOLOGY TO OLEFI NS RECOVERY TRAI NS BACKGROUND OF THE | NVENTI ON [ 0001]
The present invention relates to the operation of an ethylene plant. In
particul ar, ﬁ@t Oﬁﬁ e?Js invention relates to determ ning when the ethylene
plant is devl$3 8m nor nmal operati on. [0002] In the pBEFEEHENRMS

I ndustry, an Oefl ns Recovery Train (ORF)*ts a C very inportant process for
an ethylene plant. The ORT purifies ethylene and propyl ene and aI SO

recover s by- pradng e PP ASNGE

conpl i cated dyn et ar e—art Cty

process operations can easilyp %E@@N@ GWERY‘?REXINSJM ens that cause the
ORT operation to deviate fromthe n“l@‘p‘e’mr—or Mg state. Abnornal
operations of the ORT can have si gnlflcant econom c inplications and, in
many cases, , Q h apnormal situations can cause | ost

producti on, em ssions, injuries and
fatalities. |nary job of the console operator is to identify t he cause

A pr
of the abnor t on and ., exec te (o]0) at or or .corr,e actions in
atimely andr[ﬁb(?ﬁl:i g?\i‘hﬁﬁtﬁﬁﬁ? mv%‘ﬁ%‘s‘]u e npc‘ESPBWP o1 ofan ety ﬁ Pi%lii c:a i : Ito
d d th
orocess i r L RAEREy o Gons BYRBUGRTRRE 1] JurhBNY wheL ) hﬁeﬁﬁtﬂﬁto severe

abnor mal Ope@édt%%wﬁthfgﬁﬁﬁfwbgéfahﬁﬁ. is to rely on human process
I ntervention.” And for very severe abnormal operations, the current practice

IS to use automati c energency shutdown (ESD) systems that can have

subst anti al M c f{oM [@ﬂ?ﬂ
Currently, tﬁg@ﬁ%nsol e O%?%gt?g@ﬁzlﬁlgﬁf; gﬁé Q?]%an a %Fﬁm I‘on~ via
chss al ar Ry ThREtand pAio¥ss ﬂfr@mtdthﬂﬂﬁéﬁldntmﬂie @meﬁm@uﬁ@mnt S
nper atures, pressures, flows, levels, conpositions, valve positions,

et c.) VIO 2006ropdagrrctNsraosesinepvducts of e elefnspmdsction phiatl Det tof

t Th t fe
operating r anges complic licated Sﬁnarn?icln% ¢ anﬂ%?yoagreglc%orggns of the ORT, abnormal

process operations can easily result from many root problems that cause the

ORT operation to deviate from the normal operating state. Abnormal operations
of the ORT can have significant economic implications and, in many cases, can
stop production. These abnormal sitwations can cause lost production,
equipment damage, environmental emissions, injuries and fatalities. A primary
job of the console opérator is to identify the cause of the abnormal situation and

execute compensatory or corrective actions in a timely and efficient manner,

Q : {0003] The current commercial practice is to use advanced process control
applications to automatically adjust the process in response to minor process
disturbances. For moderate io severe abnormal operations, the current practice is
to rely on human process intervention. And for very severe abnormal operations,
the current practice is to use automatic emergency shutdown (ESD) systems that

can have substantial economic consequences for the process equipment.

[0004] Currently, the console operator is notified of an abnormal condition
via process alarms. These alarms are triggered when key process measurements

(temperatures, pressures, flows, levels, compositions, valve positions, etc.)



static values frominitial designs or frequently adjusted val ues by consol e
operators to envelop i nportant operating regions. For highly integrated
processes, such as ORT, the alarmsystemeffectiveness is an often difficult
. bal ance of prW@i969¥P el y al arms during normal operati onPCEESI0ys/098I NQ)
and preventing "alarmfloods" during abr@rmal operation (risk of high
priority information being m ssed), Thus, the current notification

hnol i's . chall i de suffici | i fications whil
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operation. dition, eaCh process neasur€enment can hdve as nmany as 15

di fferent al aprocebses, mch anORlthd alatmcbystem effectivenéessriabn Ditsh difficultd Contr ol
System (DCS) |ike Honeywel|l's TDC3000, .the operator nust survey this |ist of
sensors and i balaneeelprovidingtimsly slarmaduringaemg! cpremtioadgaly waminghandorT

operation, and discover th tential .problens _early. en to _i.ntervene
before signi PFCERA i@?‘%ﬁog% ‘ﬁmv%%tpéﬁrma‘&wfﬁb%@%%}h%% nunmber of
sensors in an:.sonerat] %Eg “gB#h. ' ﬁﬁdh ; | ' d. Wth the
. current DCS bgggl"lmrlrlo% rl?lsgea?ec no (E):tg%/]ﬁ.é? e Sﬁl%i‘sgﬁ%‘%‘a"pﬁqget ecti.on
.. assi stance anchilkmgedio havidd suffibieni¥adylcaifivatiyad whilelgesdtatisg based on the
alarm ng of each sensor when it violates predetermned Iimts. Due to the

conpl exi ty of aceep@iie rath(near gere) of falsemdtificationsie apurerthe aleem dystenwo | ate to
all ow the operatar tgQ have sufficient ti to take preventive action to
rrit'ggate a pr GBPERT © Ve fuEIngssey ¢re abngHRILOPSTalion. f or early detection can
have. even worse consequences. The al arnms becone an annoyance to the
operator during normal operatjon and the operator ignores the_ alarmsystem
Duri ng abnornﬂ?ﬂoc%ndi tThewe can bemgpx theusandcelpreses merguemeninthabeerers and

m sses criticgl infqrmation..T esent. Jinvention provi.des ,a re
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PCTf US2005/ 03813@1%@011.' Bi acﬁi%fﬁ%\ﬁcﬁro-@égs HbBEREhEN can have as many as 15
different alarms being configured. Under a conventional Distributed Control
System (DCS) like Honeywell's TDC3000, the operator must survey this list of

sensors and its trends, compare them with mental knowledge of normal ORT
operation, and discover the potential problems early enongh to intervene before
significant disruptions can occur. Due to the very large number of sensors in an
operating ORT, abnormalities can be easily missed. With the current DCS based
L\ . monitoring technology, the only automated detection assistance an operator has
is the DCS alarm system which is based on the alarming of each sensor when it
violates predetermined limits. Due to the complexity of an ORT, this type of
notification often comes in too late to allow the operator to have sufficient time
fo take preventive action to mitigate a problem. Over-use of the alarm system
for early detection can have even worse consequences. The alarms become an
annoyance to the operator during normal operation and the operator ignores the
alarm systern. During abnormal conditions, the operator becomes flooded with
alarms and misses critical information. The present invention provides a more

effective notification to the operator of the ORT.



[ 0006] The present invention is a nethod for detecting an abnormal event

for sonme process units-of an ethyl ene processing system The system i ncl udes
a nunber of process units. The nethod conpares the current operations of
sone of the WOcWesR2Mits to a nodel of normal operation pEfUEIGSE2068i tS.

I'f the difference between the current opBration of the unit and the normnal
operation indicates an abnormal condition in a process unit, then the cause
of the abnornmal condition is determ ned and corrective action can be taken.
BRI EF DESCRI P& AR YHEF o] Figure 1 shows how the information
in the online Systemilows %‘ﬁu e various transformations, nodel

cal cul ations, fuzzy Petri nets and consolidation to arrive at a sumary
trend which i ggligeat es LIy - as.
10008] Fi gur eﬂgjogﬂows gﬁ@l{%gée@{’%%% 1@??& Wefo%)ggr Igphgggg{)g&@?f e@é X-Yy
plot. [0009] {dF @i eaalﬁcéd%%lﬁtsfd%ﬁ%ﬂﬂﬂléﬂ béb%ﬁh f ﬂﬂ@ﬁé’sﬁﬁtﬁ%&ﬁbsa&s a PCA
nodel . C. [0010] Fidure 4 shows a schematic di agram of a fluzzy network
setup. [ 0011lfufEbgueEprocedsanstsa The msthod compags dme afrrdnt eperationd 6f onocess f or

devel opi ng an ormal event appljcation. [00121 Figure 6 shows a schematic
di agr am of thef3 ﬁware?ﬁsswtatcpaemﬁofmaﬂ@pel@ageiaetmﬁmméq Ethfure 7 shows

a schematic di;agram t he anato Lvaki ahl rain

controller, - %Cﬁfl% % rg %%‘Q tﬁePg](ﬁ pﬁf {?rne 8 shows
a schematic dj a%éﬁﬁfaﬁﬂb%ﬂﬂl‘céﬂd?ﬁoﬂ f £piREAsAnit, ﬂﬁﬁtcﬁuééfofqﬂé hBmfayal i ty.
[0015] Figure 9 shows the KPl analysis of historfical data. |[0016] Figure 10
shows a di agr esndifiors isodetbrmtined and eonrattive .acfion ¢ bétakene 11 shows how t he
process dynam cs can disrupt the correlation between the current val ues of

t wo-neasur enent s.
C BRIEF DESCRIPTION OF THE DRAWINGS

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

abnormality of the process arcas.
[0008] Figure 2 shows a valve flow plot to the operator as a simple x~y plot.

[0009] Figure 3 shows three-dimensional redundancy expressed as a PCA

model.
[0010] Figure 4 shows a schematic diagram of a fuzzy network setup.

[0011] Figure 5 shows a schematic diagram of the overall process for

developing an abnormal event application.

[0012] Figure 6 shows a schematic diagram of tﬁe anatomy of a process

control cascade.

[0013] Figure 7 shows a schematic diagram of the anatomy of a
multivariable constraint controller, MVCC.



[0018] Figure 12 shows the probability distribution of process data. [0019]
Figure 13 shows illustration of the press statistic. [0020] Figure 14 shows
t he two-di nensi onal energy bal ance nodel. [0021] Figure 15 shows a typical
stretch of Flvoevzoovabazen Position, and Delta Pressure data yu g
period of constant operation. [0022] Figuge 16 shows a typ%&%fz?@%?%
discrimnator. [0023] Figure 17 shows a flow versus valve Pareto chart.

(I'. 100241 Figure 18 shows a schematic di agram of operator suppression

logic. [ OOZg]DDH]g ur eFingns Bahewa aschenmiic diagizag b theafn-Euehifeeafiph essi on
| ogic. [002 Figure 20 shows the setting of the duration of event

suppr essi on. esfiopref curgant qualityshows t he event suppression and the operator
suppression disabling predefined sets of inputs in the PCA nodel. WO
20061029290 PCTW520051032093 -5 100281 Figure 22 shows how design

obj ecti ves ar[@0B5]pr esFegire @ shbws e KB wnaliysis ef histarscal defd. by t he operator.

[ 0029] Figure 23 shows the operator overview of the ORT operation
deconposed into 12 individual nonitors; 11 key operational sections and a

flow versus [gaigle MoFigee 10686WOh drigtmeoidfgm vgoishfutidet hanat or and H20
Driers area nonitor has a warning alert. C 100311 Figure 25 shows the

result of clicking on the yellowtriangle in Figure 24; a Pareto chart

i ndicating t i du i H*ﬁdrﬂ%b : nce limt.
100321 Fi gur gﬂ%ﬂZhO\/\rg&?ﬁéﬁgpﬁﬁPﬁg%ﬁiﬁ%sﬂu t -T? eélrgd]gt‘ﬁtgél@bri ngs up

the trends ofgoifetatiocal Bigweey the)curedt valded oPrmrinebdeadefitsan) of the sensors in
the Pareto chart of Figure 25. [00331 Figure 27 shows a Pareto ranking of

t he val ve-fl ow nodel s based on normalized-projection-deviation error.

10%3.41 Fi gur qo@B8[s howrigRe 198hewS thedirobMSilivpdigitutiow ofpedles9Bital ned by
[0019] Figure 13 shows illustration of the press statistic.
[0020] Figure 14 shows the two-dimesnsional energy balance model.

[0021] Figure 15 shows a typical stretch of Flow, Valve Position, and Delia

Pressure data with the long period of constant operation.

[0022] Figure 16 shows a type 4 fuzzy discriminator.

[0023] Figure 17 shows a flow versus valve Pareto chart,

[0024] Figure 18 shows a schematic diagram of operator suppression logic.
[0025] Figure 19 shows a schematic diagram of event suppression logic.
[0026] Figure 20 shows the setting of the duration of event suppression.

[0027] Figure 21 shows the event suppression and the operator suppression
disabling predefined sets of inputs in the PCA model.



clicking on any bars fromthe bar chart of Figure 27. [0035] Figure 29 shows
the Fuzzy Logi c networks for several procedural- induced abnornal
~conditions. [0036] Figure 30 shows a schematic diagramof a typical ethylene
pl ant. WO 2064) fid@e88PCTI US20051032093 -6 DETAI LED DES HE
PREFERRED EMBCDI MENTS [0037] The presentsinvention is acﬁg?@g%@ig%ovi de
abnormal event detection (AED) to the operator that sections of an ethyl ene
pl ant are not functioning properly. The present invention will be discussed
with speci fi (0028F er eRizse 22 shows howsdekign chjevtiveatiecxpoéssedin ihepeirhargn f or
denonstration only but not limtation. [0035] The nethod uses fuzzy logic
(see Appendi xnterfagesusedbysbplopgratey. PGA Mbdel s and Sinpl e Engi neering Mbdel s
for AED) to conbine nmultiple C supportive evidence of abnormal situations
that contribute to an operational problemand estimates its probability in
real time. Thd0p2®pabi Figuye 23 shows thet eperator overviewt ofiiho BORT @pestiono al ert t he
operator using a single trend,.for processjng area of the plant. _This

net hod i ncl udE§OBIPEERL 150 li&@‘“@ﬁa MGNIeRS; fLEesbﬁﬁﬁra@@ﬁaltsacﬂ%Siawﬁad&m to the
root cause of gs r@@}eem {Jﬁ‘é}' focused action. This approach has been
deronstrat ed ‘%r (- “operator with an advanced warni ng of the
abnormal operation that can be mnutes to hours sooner than the alarm

system  Thi anced, warpi,ng al l.o he oper Q take correcjive action
sooner and ap@g ts 5‘-’&‘5‘?2% ﬁﬂq,wgme\tlﬁfg @ an&%ﬁé) ]h’éf’]ﬁ(?ﬂe%@é’nﬁ Sa
successfullyv@ﬁgﬁggge&o an olefins recovery train (ORT). C [0039] The ORT

appl i cation uses $pecific operational know edge of ORT operations to
conbi ne indications from Principal Conponent Analysis and engineering

Frgure 4 TnilBOFtES, FESRE2S SHER) Bt Bt uatifd dn bR YAoRC Gt Ry Caree
the conf i denge i@l s0fardolRBh ikl B8 ket BESES0F SPIOYS: AEUREK can

detect a probl th "hi gher confl ce at 1ts early stage and provide
val uabl e ti maolepincelmmioper at or to nake conpensatory or corrective actions to

[0032] Figure 26 shows that clicking on the Multi-Trend button brings up
the trends of the value (cyan) and model predictions (tan) of the sensors in the
Pareto chart of Figure 25.

[0033] Figure 27 shows a Pareto ranking of the valve-flow models based on

normalized-projection-deviation error.

C- ' [0034] Figure 28 shows the details of the valve-flow model obtained by
" clicking on any bars from the bar chart of Figure 27.

[0035] Figure 29 shows the Fuzzy Logic networks for several procedural-

induced abnormal conditions,

[0036]) Figure 30 shows a schematic diagram of a typical ethylene plant.



avoid an ORT operational incident. This is a key advantage over the present
commercial practice of nonitoring ORT based on single sensor alarmng froma
|l ~~e WO 2006/ 029290 PCT1US20051032093 -7- DCS system because nore often

t he al arm comwe 2065/0t%00 | ate for the operator to nmitigate p(gir@%%s%iog al
probl em due to the conplicated dynam c apg._cryogenic nature of operating an
ORT. [0040] The ethylene recovery train is divided into equi pnent groups
(referred to as key functional sections or operational sections). These

equi pnent QFMMWRM@NOWFH@FHEFERRBEEMEDBMSW trains
depending on its esi gn. e procedure for choosing equi pnent groups which
I ncl ude specific process units of the ethylene recovery train is described
in Appendi X 1{0&9241] ﬁ@%@&n@%@?ﬁﬂﬁi@aﬁfeﬂﬁf@ﬁ otideabacil Seh/ Pi Cal

et hyl ene plant that was ‘used to denonstrate the present 1 nvention. In the
preferred enmbdeteatiort (ABD) tg theopptatmdt that seetipnestai ethpleaaplan ark wotdes t he ORT
operation into key operational sectiqq&ﬁgfee Appendi x éd section Devel opi ng

PCA Model s f ofunsEppingpsepertix ahie pregemyinegsdiop) wilk be,discussed with speeificel even
ti f ol . 1. Ch Gas,. 2. ,.Drj Col d | d
Vot hime. Boost GHETORCes 0/ S8e s GPpH P A Fitioh L dsmrons rabeh RuB T 2 or

5. De- Et hani z%%&tiaﬁ&i:etyl ene Converter 7. C2 Sp litter 8. Methanator and
1120 Drier 9. -Propdni zer 10. MAPD Hydrofiner 11. C3 Rerun and Propyl ene
Fractionator [0042] Besides nonitoring the key operational areas, this

| nvent i on_al sfqsPni € of% hGo§ YA ALEP TP R SHHeREY 1, LeckiBh tophBThd ' 07 AN

flow for a se
PCA Models and Simple Engineering Models for AED) to combine multiple

C supportive evidence of abnormal situations that contribute to an operational
problem and estimates its probability in realtime. The probability is presented in
a continuous format o alert the operator using a single trend for a processing
area of the plant, This method includes a set of tools that allow the operator to
drill down to the root cause of a problem for focused action. This approach has
been demonstirated to provide the operator with an advanced warning of the
abnormal operation that can be minutes to hours sooner than the alarm system.
This advanced warning allows the operator to take corrective action sooner and
prevents escalation of the event. This method has been successfully applied to
an olefins recovery train (ORT).

C [0039] The ORT application uses specific operational knowledge of ORT
operations to combine indications from Principal Component Analysis and
engineering models, and relevant sensor readings into a fuzzy logic network as
shown in Figure 4. This fuzzy logic network aggregates the evidence and
indicates the confidence level of a potential problem. Therefore, the network
can detect a problem V;'ith higher confidence at its early stage and provide
valuable time for the operator to make compensatory or corrective actions to
avoid an ORT operational incident. This is a key advantage over the present

commercial practice of monitoring ORT based on single sensor alarming from a



key control valves (see Appendix 1, section Sinple Engineering Mdels for WO
2006/ 029290 PCT/ US2005/ 032093 -8- AED). This invention also provides
suppressi on of nodel calculations to elimnate false positives on speci al
cause oper at ivg00@Hd20Mabl es the operator to selectively pEims60sHBHSHI S
fromthe nodels in the event that the seagor is out of service. A Operator
Interface [0043] The display is intended to give the operator a view of the
probability that there is an abnormal event affecting the process unit. C

[ 0044] Fi gur eDECS systern bebmise proratodtendhe plaay cofnets e tatelaterforshe operatof td he ORT
operation into el even key operational sections and control valve position
versus flow nBHigge aneperptional problsam dpe tq/thﬁégmié@at@.gaiynﬂw pReyeserindi cat or

turns yell ow (warni nd t heJ.pdicator turns red (alert) when the
probability ?"é'é'v Qﬁ%@ﬂr{%%%&gendi x 1, section Deployi ng PCA Mdel s and
Sinpl e Engineering Mddels for AED). [0045] The invention exanple includes
el even Princi nmpqpent nal ysi s ( PCA). dels, to cqver the entire
operati on of E@fm see%@hﬁéﬂe 1‘%/00‘7@ cEpigs &@&%BF%SQ‘PEQG%E@PES for AED,
subsection 1) %jt: S . Yy t are
af fected by iFnrtegér}gc |?\Hg§k§g%ﬁﬁ%ﬂﬁ)sn ar%%ﬂﬁgg:‘;"ﬂ%%‘%ﬁ?%ﬁ%@@ .p’gﬁ%&%ﬁ@%ﬁ“ on
Depl oyi ng PCAgtéehe nsayebes disfeidiii Sor Siftraatiylehdedstety tliny\PendiBeRGtd on
[11), For distillation colums, we transforned the rate dépendent vari abl es
into ratios tdesigmi The pradeduref for choasing é@upmanigrohpsyhich(ineldaspesificx 1,
section Devel opi ng PCA %ﬁel for AED, subsecti oq) M_ [ 0046],, ORT operation
has a nurmber BYocgpuanty ofthe sthylgergeqviy ram is Wleseribed in AnpREEEr 1.Decoki ng at

the cracking furnaces and Drier Regeneration for the Cold Box feed. These
operations are |ess frequent routine_operations conpari ng to the noves of

ad\gnced cont {8M1ppl i BigurecHkshowes hechemsitig dizgramrf at ethylenoplat $12029290

PCT/ US2005/ 03%«%% %sed-tgo—demonsimte the present invention. In the preferred embodiment for

this plant, the present invention divides the ORT operation into key operational
sections (see Appendix 1, section Developing PCA Models for AED). The

example ethylene plant was divided into eleven sections as follows:

Charge Gas Compressor

Drier, Cold Box, and Methane Booster
Ethylene and Propylene Refrigeration
De-Methanizer

De-Ethanizer

Acetylene Converter

C2 Splitter

Methanator and H20 Drier

A A T B o

De-Propanizer
10. MAPD Hydrofiner
11. C3 Reron and Propylene Fractionator

[0042] Besides monitoring the key operational areas, this invention also
monitors the consistency between control valve position and flow for a set of

key control valves (see Appendix 1, section Simple Engineering Models for

Ny



effects on the normality of operation. These special cause operations wll
give high residuals to sone affected sensors in sone PCA nodels. W use our
oper ations knowl edge of ORT and detect the onset of these special cause
oper ati ons anWO8edRed suppressi on net hodol ogi es to r enoreT/UEmdI032093
notifications (see Appendix 1, section De@dl-oying PCA Mdels and Sinple

Engi neering Mdels for AED, subsection 1). [0047] Often, in routine
operations of an ORT, the operator makes setpoint changes to some key
control l ers i dEPNdI n&mvgnb@:alsn@rmcte&&uparq@sleﬂ@fmme%@gls wlatiopgii n, vve

devel oped supp e55|o netho oI ies for the effect se,set 0|nt

changes (see R[]'H%Wd l§epesd Y‘? agﬁ?lhgﬁ qu@q%ag{l@eg%ﬁe%% E neer| ng
Model s for AE %Bﬂ ﬁfécﬁ"eh

i ndi cation of leﬁ ngr?é-r%l Cée)n o%s%éﬁkh%ﬁefg?&ﬂﬁeg&&gﬁﬁ:{aﬁg a e%lttﬁ’Si I’lgl cated by
the yellow trigaR@dee in Figure 24, this novel nethod provides the operator
with drill down capabilities to the | eadi ng i ndicator of the problens (see
Appendi x 1, secti on Depl oyi ng PCA Mddel s and Sinple Engineering Mdels for
AED, subsecti (A. rhtdiUftedddcsNows that the Methanator and H2O Driers have

a warning alert he operator in isolating and diagnosing the
root cause of the condition so that conpensatory or corrective actions can

be t ak Fi 5 i i |
PRSI (2 B T D0 e R R e T L
SP125 is out siwh fhers is &l SbrraRl bvdht kffefihg thetpr6cdet LRl y reason for the

warning alert. [0049] This drilldown tool isolates the problemarea for the
operator. Additional tooI s such as calling up the trends of problem

ndt ance, “Fi ol e o Hpte fL Ry RE BB Ay i{ﬁi&f{’&%ﬁﬁ’@@ﬂ B3R i ons of
the sensors i E‘f“ Spglﬁﬁ&{l ﬂttﬁ '&fév%ﬂ% b 'ti'bﬁalzs'éctl %lve osition

PCTI US2005/ 03 093 0050 is"a |cat| on so prOV| es a reto chart

for ranking t kersusfloer muriten) s%bmmm@bmlahty regclmdbﬁ,sthe fprghlem iddicaipows a
Par et o ranki ng of the val ve-
s yellow (warning) and the indicator turns red (alert) when the probability

reaches 0.9 (see Appendix 1, section Deploying PCA Models and Simple
Engineering Models for AED).

[06045] The invention example inchudes eleven Principal Component
Analysis (PCA) models to cover the entire operation of ORT (see Appendix 1,
section Developing PCA Models for AED, subsection I), Based on process
__ knowledge, we overlap key sensors that are affected by interacting sections in

( ' PCA models (see Appendix 1, Section Deploying PCA Models and Simple
Engineering Models for AED, subsection IlI). For distillation columns, we
transformed the rate dependent variables into ratios to minimize the effect of
feedrate changes (see Appendix 1, section Developing PCA Models for AED,
subsection IV).

[0046] ORT operation has a number of special cause operations, such as
Steam Water Decoking at the cracking furnaces and Drier Regeneration for the
Cold Box feed. These operations are less frequent routine operations comparing

to the moves of advanced control applications and have significant temporary



fl ow nodel s based on normalized-projection-deviation error. dicking on a
bar of the Pareto provides an operator drilldown to the details of the

val ve versus flow nodel as shown in Figure 28. [0051] Based on our
operational kmomoesiepe290f ORT, this application detects thpcp@agaRbs@hossPeci al
cause operations such as steam water decali.ng of the furnace and provides
suppression to sensors that are affected by this operation. Figure 29 shows
the fuzzy logic network for steam water decoking at the C cracking furnaces.
[0052] | n summedieyts onithe adumatitygfopefativhi Thesesperiaboavsedperdions wild@wnposi ng

EE&;QEBE%%&%&&%&% R %%ac{m B pigdatss W boedimer of
usands . . dber o
Commat i zed ; wpbraspaY Eowibe? B CREF R oA EbEM BTt shctfel i T “0e, ™ ©

model s provi Q%Pefaﬁgh@hﬁ&ﬂéve@épéd%ﬁ%ﬁﬁn%ﬁtﬁéﬁoﬁoﬁi@s td fefnceagire ORT. 4. The

abnormal devi ations of these 1300+ sensors are Summarized by the I1 alerts

based on the SotifiodtidhyyssecA Fperalix 1 pdectite Deplayiisg REAcModels. anB\Bintpde r esul ti ng
from speci al cause gperatiogn_are suppressed to elimnate the false

posi tives. |t EngaseripgMenedaiaAEResSubseeimonal ity reduction is al nost 2
order of magnitude, i.e. from 1300+ sensors to 11 indicators. Besides this

tremendous WO 2006/ 029290 PCT/11S20051032093 -11 dinensionality reduction,
the high fal sd0@BRi t i Vefientin rontine eparafions of anSIR T athgroperator malkds\sstpoimt t he
PCA nodeling. B. Deyelo nt of not mal, Event t Lon ‘Model s, for an ORT
100531 The rnet‘"ﬁ%‘lﬂf’ls&]§0 B BHQP%%@?‘%‘%WGF%?W@%?\@T&QE prresfategener al | y
i n Appendi x 1. ' I I scri bed
bel oW usi ng ¢ Al o B GoRH A ABA BRSO B e B LAFER YR sl o

changes (see Appendix 1, section Deploying PCA Models and Simple

Engineering Models for AED, subsection I).

[0048] Once the operator receives an indication of an abnormal condition,
such as the warning alert indicated by the yellow iriangle in Figure 24, this novel
method provides the operator with drill down capabilities to the leading indicator
of the problems (see Appendix 1, section Deploying PCA Models and Simple
Engineering Models for AED, subsection IV). Figure 24 shows that the
Methanator and H,O Driers have a warning alert. This assists the operator in
isolating and diagnosing the root cause of the condition so that compensatory or
C corrective actions can be taken, Figure 25 is the result of clicking on the yellow
- triangle in Figure 24. Figure 25 shows a Pareto chart indicating the residual of
sensor SP125 is outside its tolerance limit and is the primary reason for the

warning alert,

[0049) This drilldown tool isolates the problem area for the operator.
Additional tools, such as calling up the trends of problem sensors, are also
available for the operator in this application. For instance, Figare 26 shows the
trends of the value and model predictions of the sensors in the Pareto chart of

Figure 25.



100541 The application at an ethylene plant is intended to nonitor a broad
portion of the process operations (about 80% of the console operator's
area), provide an early warning of unexpected abnormal events and provide
i.nformation oWO2es/e@8urenents initially involved. The opgERt@ioohiédie
engi neer would then rely on their processjgknow edge to di agnose the cause.
Each event is expected to be unique or rare, and primarily the result of
problenms wth the instrunents and val ves. [0055] The foll ow ng problem
characteri sti {#50houl dHie applicatideratsd prveides 8 Pasato ichart for mhkimgrthe valvent
detection problem _Infrequent abnormaljities (every 3 - 4 ponths) nay not
justify the eieises flow engimpaesngim rﬁagmee%éhowgéﬁemaﬂwgs@ftﬁmmea

articular ab mal i t rs._only. . 3. . . J:ndi vi dual
bper at or may S0 BPAGBER T nSataB i chil-abiOh Bor Bl e
he/ she woul d Pihekpbﬁ%\lﬁ}&&idb afl BpABER drilRlo®MaBkhe HERIIL ¥f AeG/alve verdiier ef or e
the problemi genti f1cation sﬁouleg be broad enough that the operator would
be regul arly flotvemeadsliasgheivhtingura@B8l i cati on. [00561 When scoping the

problem it is commbn to get the wong inpression fromsite personnel that
there woul d not be a sufficient nunber of abnormal events to justify an

abnor mal even{og#g| ect iBdxed Rl dif dpbRionlkn@eNed@ of ORT, thi€hipplidativh defetat e of
how frequently abnornal events affect the process occurs because:

20061029290 P{E dusgeispesiabedise bperations suakl aseeamy-avaeradagbking ofdhe r ecor ded
and anal yzed. .Only those . that cause significant |ogses are tracked and
anal yzed. Abngi‘q‘?l‘%f%/e Bé\raelﬂf’gl ¥ EURATEROR, aorgghagggq a%é“ﬁ%ﬁ 8 9pERHP-oNs
since operat i t Je e egul arl
ti o abndigua 22 Tl The SR (e Hormgpl RSty Siler UBb g ud 3 B

re

porit.i on of th@ragmg%ﬁﬁlab@s_"see" abnornmal events on a regular basis (e.g.
nore than 5 tinmes each week). The abnornal event detectors are not neant to
replace a solution that naybe the preferred alternative (see C Appendix 1,

section Devel aisny PCAnNafifhsry! fhe a0Fkhta S bTRA! ifVertioR include:

1. Decomposing the entire ORT operation into key operational
areas, which reduces thousands of individual measurements and

alerts into a small number of easily monitored trends.

2. The operational problems of the entire ORT are summarized

into eleven single alerts for the example plant.

~ ' 3. The PCA models provide predictions of the 1300+ sensors in
the example ORT.

4, The abnormal deviations of these 1300+ sensors are
summarized by the 11 alerts based on the Sum of Square Error
of the 11 PCA models.

5. EBvents resulting from special cause operation are suppressed to
eliminate the false positives. It clearly indicates the
dimensionality reduction is almost 2 order of magnitude, i.e.

from 1300+ sensors to 11 indicators. Besides this tremendous



AED Applications Do Not Replace the Al arm System [ 00581 Whenever a process
probl em occurs quickly, the alarmsystemw ||l identify the problem as

qgui ckly as an abnormal event detection application. The sequence of events
(e.g. the or d¥O2096/03P2% h neasur ements become unusual ) may POBUSIOS0 S Ul
than the order of the alarms for hel ping-1he operator diagnose the cause.
This possibility should be investigated once the application is on-line.

[ 0059] However, abnornmal event_ detection, apﬁii c,gﬁi Qns can give the C .
operat or advanced war ni ngdifgesionplityrradnctions theshigh falsepogitsirate of asingle t han

15 m nutes). These applications are s Ltive t h e in the pattern of
the process data rather steHﬁWaﬁ%fsrﬁeﬁ@%gabg%eeﬁggéﬁ?@%}g'by a single

vari abl e. Consequently alarns can be avoided. If the alarm system has been
configured to alDert t he op froma snall
oper ating regi‘-’bn Shd LH P LY 2 LYeRIMICIPEIan Qi 2 be able to
repl ace these alarns. C. Exanple of Devel opnent of AED Mbydel for an Ethyl ene

Plant Prelim nairﬁ Application Desitgn WO 2006/ 029%3% PCT/ US2005/ 032093 -13
[0060] Applicd®033 desTymmethpdpiagy fondetgeting atnesmalpyeats i5dssetheduni t s

Pncluded 1 n ¢ REssrpiRE i ABp SRR 1o tHeCRen 08 SO HERGE RN SRR BB, el opec
that incor poHéé&ﬁ)ea%\égj;vgt:lsigﬁ‘i%féﬁ:cHé&'ggf%ﬁ[‘[aggﬁcﬁldﬁ%s%ﬁeﬁhﬁﬂé. to maximze

the dinensionality re t he 61] The specific process units
i ncl uded requires an understanding of the process integration /
interaction. $0f4]lar tBhe sppiivetionat ot ethylene plandis mbinded do momitar abreasht r ol

MWCC h lication, the b th | i cati houl d
énfmiéif ai | PO St Rfctset Soesttiomi Gba 408 O e apegle CoRaon AR,

I ndi-cations o . ( ' r LT hows the major
Ipr ocessI uni tsE’f‘ﬂé&%?egaﬁ%%ﬁggg?ﬂ?%@%g{ég@%?ﬁg%lp{v?gﬁt@gﬁoﬁﬁgse units J
enconpass a hiigfehyatddieen he meagkahets patisilpmvelved. 'Thei rkat6Fdr thef t en t hese

same process units mght be grouped together under one or two MVCC
control | ers. engineer would then rely on their process knowledge to diagnose the cause.

1 )
M 5‘.! P ara. alin: il =2

Each event is expected to be unique or rare, and primarily the result of problems

with the instruments and valves.

[0055] The following problem characteristics should be considered when
selecting an abnormal event detection problem. Infrequent abnormalities (every
3 - 4 months) may not justify the effort {o create an abnormal event detector.
Also, when a particular abnormality occurs only every 3 or 4 months, an

( _ individual operator may go for years without seeing the event. Asa
consequence, he/she would not know what to do once the event finally occurs,
Therefore the problem identification should be broad enough that the operator
would be regularty interacting with the application.

[0056] ‘When scoping the problem, it is common to get the wrong
impression from site personnel that there would not be a sufficient number of
abnormal events to justify an abnormal event detection application. In general,
an overly low estimate of how frequently abnormal events affect the process

occurs because:



[.L0062] Wthin these selected process units, there will be a substanti al
nunber of process neasurenents. For the prelimnary design: Select all
controller PVs, SPs and Qutputs (including all internediate cascade
controllers) WRAHWO3LMNits Select key neasurenents used Byrusmex@pgl e
operator to nonitor the process Sel ect- Bhy neasurenents used by the
contact engineer to neasure the performance of the process Select any
upstream neasurenent of feedrate, feed tenperat r feed uallty changes
Sel ect extra redundantAbiaermal ewerts arereff eﬂriﬁ&ﬁﬁ%&%@@o g’ nly thoset 0 be

| nportant WD 2006) 029 PCTI CUS, 3209 asurerrents t hat
may be needed to cal cﬁgglf@uﬁ%ﬁlgl} cﬁﬂéﬁ) Wﬁ%%@f?&@@r@% ect any external
nmeasur enent of a di sturbance (e.g. anbient tenperature) Sel ect any ot her
measur enents which the e t r ' t res of the
process condition éﬁ%@%ﬁgﬂ?ﬁﬁ% cﬁie&wﬂgﬁéﬁiﬁﬁ%@ﬁ%@@p@ﬁﬁ%ﬁgg}n‘g
measurenments. C [006310\3:e%tbgvudag“ﬁtﬁltﬁeﬂllcﬁn about 1/2 of the available
process measurenents be prelimnarily considered for the application.
These will be later trimed down during the data analysis. Initial Mdel

Devel opnent [ 4] Th del devel opnent strate IS to start w very
rough nodel ? cons éﬁ@éfeo‘ﬁaé'e YF@?&BPSggFWﬁHﬁ&BWa@@QLWH%n use

used T i mpr ot AHpREbvEE A1afEb Gl bbed G MR Bnd B Erol Bt Aol Rod BCT o

quality trai ni'égﬂlzﬁ?ﬁa@is (é'-'@' ﬁmr@ﬂﬁﬁ%’-‘ﬁmﬁeé&%é&]@d ThBlabhoinhfl cveREdetédiors
sati sfactory (see Appendix 1, section Developing PCA Mdels for AED).

are not meant to replace a sohition that may be the preferred aliernative (see
(__ Appendix 1, section Developing PCA Models for AED, subsection L.C).

- AED Applications Do Not Replace the Alarm System

[0058] Whenever a process problem occurs quickly, the alarm system will

identify the problem as quickly as an abnormal event detection application. The
sequence of events (e.g. the order in which measurements become unusual) may
be more useful than the order of the alarms for helping the operator diagnose the

cause. This possibility should be investigated once the application is on-line.

[0059] However, abnormal event detection applications can give the

operator advanced warning when abnormal events develop slowly (longer than
15 minutes). These applications are sensitive to a change in the pattern of the
process data rather than requiring a large excursion by a single variable.
Consequently alarms can be avoided. If the alarm system has been configured to
alert the operator when the process moves away from a small operating region

(not true safety alarms), this application may be able to replace these alarms.

C. Example of Development of AED Model for an Ethylene Plant

Preliminary Application Design



Hi storical Data Collection [0065] Devel oping a good nodel of nornal
operations requires a training data set of normal operations. This data set
shoul d: Span the normal operating range Only include nornal operating data
WO 2006/ 0292 OR@HIRIB2AD05/ 032093 - 15- [0066] Because it i SPO®BOS2065A38098 0 have
a conplete record of the abnornmal event-ldstory at a site, historical data
can only be used as a starting point for creating the training data set.
Qperating records such as Operator |ogs, Operator Change Journals, Alarm
Journal's, | nsiff®nt Mpplicstian sesige sequitespwoiegisions: phieh processawild of t he

abnormal process history. .[ 0067 he, .devel I, shoul d _gat her eral nonths
of process da?@mﬂa:bﬁgov%/rﬁéﬁ)gﬁ.ﬁ%l)gp Eﬁs@dﬁ&&c&m@ﬁ? %th%%ﬁ"gséﬁe;ti ng one
mnute Spot Vlceted ihfind hlodel. Sin (BEbralA ddfie, &n@-‘gn&%%ﬁtbef&%@iog)%ﬂ?lﬁhtdat a,
with the | east anmpbunt of averagi ng” shoul d Be'used. The various operating
journal s for idvospdratee sprrilqitosdse uinils of i cthfeneplaatteetiaxithize theset poi nt s and
outputs are not historized in the plant historian, but that deficiency wll

be taken car edisnensinnality resnetioniaf thegltitheri ng. Data and Process Anal ysis
Initial Rough Data Analysis [0068] Using the operating |ogs, the historical

data is divid I.At O riods.. with kn abnoramal .operations and peri ods

W th no i dent TSR 2onEid eitig bt ants riRaR R R HE R fie DL e
abnormal oper aiq LY ; | @313 bl 13 : [ 0069] Now
each neasure i;]dtc%ﬁ‘s?ggﬂsér %t(l)&ﬁ/eﬁlgﬁ%crﬁﬂ{lngdg 1?\}%?&?/?% cﬁ#@?&% yéjlfﬁgﬁ}s%gtdbl\?het her it is
a candi dat e f oonstianttcoatrol AMVET sucheds. DMESsapphioatidns thhbeindahpof the be
excluded are: Those with many Iongutperi.ods of tinme as "BAD PV' Those with
many | ong per Bpplicagipnshowld sagempasselt sighificay nrpegss snteractippnandkees WO

200@_/ 029290 P%étye%)l% 10% %gs? gf process changes and disturbances. Figure 30 shows the

major process units included in this ethylene plant application. These units -
encompass a highly energy-integrated portion of a typical ORT. Often these
same process units might be grouped together under one or two MVCC

controllers.

[0062] Within these selected process units, there will be a substantial

number of process measurements. For the preliminary design:
*  Select all coniroller PVs, SPs and Outputs (including all
intermediate cascade controllers) on these units

¢  Select key measurements used by the console operator to

monitor the process

s  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 changes

o  Select extra redundant measurements for measurements that are

felt to be important



-16- Those which show very little variability (except those which are
tightly controlled to their setpoints) Those which continuously show very

| arge variability relative to their operating range Those which show
little or no WPR8e/2W9% el ati on with any ot her neasur enent gordsiobssgi@a set
Those with poor signal to noise ratios [-0&~0] Wile exanm ning the data,
those tine periods where neasurenents are briefly indicating "BAD PV' or
are briefly pegged to their EUH gh or EULow |limts should al so be excl uded.

[0071] Once these excl usi ave heen he fir tough PCA nodel

shoul d be built as di é-cussgﬁgcg]we%gﬁwtgﬁfﬁngyﬁl%eenqeﬂ%gtcii gﬁﬁg%a%}% be a very
rough nodel the exact nu I-DHaki conponents to be retained is not

i mportant. [0072] The trgﬁléarﬁg{agg%‘dgﬂggteﬁihoul d now be run through this
prelimnary nodel to identify tinme periods where the data dges not. nmatch
the model . These C ti'me pelerbany etiemebmsasussmentaf@ distashanco e sranpbigat
abnormal event was occurrjng at. the tine. If this is judged to be the case,
then these tine periods REYYS)s0 be flagged as tinmes with known abnor mal
events occurring. These tinme periods should be excluded fromthe training
data set and the nodels reSeliebﬁan_F\/\éthBrmhﬁuﬁaﬁéﬂtk %idﬁﬂﬁ.pr@@%ﬂ%ﬁshe Need for
Dynam ¢ Transformations [0073 he devel oper shoul d consider the need for
this techni que whenever tdgardeas isnportangmepswenof thenuoadess sepditiani on bet ween
vari ables used in the nodel. This will be especially true for those

i ndependent v rilaglﬁs Stéi{,i' S sz{%ﬂ oints.. WO 20061029290 PC‘I,;I US2005/ 032093
-17 whi ch ni ghf'B& FRENGELT Y 58’%%“6}’“? EOTHEFRIEPEIN so the

measurenents which are upstream of the main process units bei ng nodel ed may
"to be d j cal i, ed. .
nee@ © be i’ﬁ?)%g] ca Il?%llg)\?v(fr?gn tchlm ﬁst, about 1/2 of the available process measurements
will be preliminarily considered for the application, These will be later {rimmed

down during the data analysis.
Initial Model Development

[0064] The model development strategy is to start with a very rough model
(the consequence of a questionable training data set) then use the model to
gather a high quality training data set. 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 (see Appendix 1, section

C Developing PCA Models for AED).

Historical Data Collection

[0065] Developing a good model of normal operations requires a training

data set of normal operations. This data set should:

* Span the normal opérating range

¢ Only include normal operating data



Renove Operating Point Changes [0074] There are continual operating point
changes in process operations. These can be intentional, where the operator
makes a change to a key setpoint or they can be due to process changes such
as beat exchaWg@aposfiae ng or catal yst deactivation. To prayBui20ddBs®3
changes from appearing as abnormal eventsj5 C those process neasurenents,

whi ch are affected by.these changes, should be converted to deviation

vari abl es (see Appendi x 1, section Devel opi ng PCA Models for AED,

subsecti on NF100q®075]B®ansenas vmgraraetoémp@n@nmmﬂteyedqrdpéﬂmhmmel of a

neasurenment from ,i.ts raw val ue and di ff,erence .in the .npdel
Rcconpl | shes SHEMAUPR T AgHepbisioricekigh s onlybe yaee 2 GHGTHRE PPBH Tohe

exponential filte t nst ant
of the pr ocess. ™9 ﬁjti]%ud'v %ﬂ@%% dagk? t{l%aﬁ@oﬁl's%ﬁc@és bn@gconslpé atggout 45
m nutes. D. %@ﬁg@mﬁ'ﬂeﬁs | RlatinToutiafs, Yestalmd 0/ 8htenae: feb@rd%@ﬁ@hﬁbﬁ
neasurenents have been selected and the traini ng data set has been built,

t he PCA nodel padial leeohliof theqbnokhsl precesg histenydar d t ool s. [0077] The

engi neering approach to selecting the correct nunber of principal

conponents is to stop when the groups of variables, which are the primry
contributors {gog7e prThmdmlope@mﬂé@atheﬁsémenoﬂmkefmemanﬁn sense.
This is discussed in Appendix 1, section Devel opi ng PCA Mddels for ~AED,
subsect i on V, Bie site'syecass distomian; preferabfipgsiting one miswte sphtvalues dfghis ici pal WO

nunber of pr i At BANERIS, 5 RHIGSt Tesqhd Garo iy i (6 et Rgouab ot Fseae b el
Ad?' vea Ty om ShAAEEE MediDF e Dar A SherdfiE MR for Bt SARSIGHANGRIPRL OF Ve

sure dr ophaeplsied. NOfieR k¥pbinté & oﬁl})ﬁﬁ@é n6ShiboRized &f tHefarttenoridte

m)del estimate of the flowis obtal ned from historical data by fitting
coefficients butthatdeficiensyouillee whemcarorof (asiaglatar data lgethegingher | i near or
parabolic). In the initial application, 27 valve-flow consistency C nodels
wer e devel oped. This type of nodel was devel oped to nonitor the main

Data and Process Analysis

I) )

Initial Rough Data Analysis

[0068] Using the operating logs, the historical data is divided into periods
with known abnormal operations and periods with no identified abnormal
operations. The data with no identified abnormal operations will be the

preliminary training data set.

[0069] 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:

o Those with many long periods of time as "BAD PV"

» Those with many long periods of time pegged to their EUHigh or
EULow values



process mani pul ati on points. Several nodels were al so devel oped for control
| oops that historically exhibited unreliable performance. 100791 A
time-varying drift termwas added to the nodel estimate to conpensate for
| ong term se¥@r004029220. The operator can al so request a ragauhosobags drift
termafter a sensor calibration or when.ggmanual bypass val ve has changed.
Atime-varying drift termwas added to the nodel estinmate to conpensate for
a long-termsensor drift. The operator can and has changed position, This
nmodi fication to the fleoviflassciwitithshew yeryf litlarviatigbility (except those whirthuse ness
for inplementation within an online detection algorithm The valve- flow
consi stency nonitors al s’r@ghtbttpmgﬁmﬂlndt@g@naﬁemom the event that a control
valve is fully opened or closed. WD 20061029290 PCT/ US2005/ 032093 -19
APPENDI X | 100801 Event sThé¢ which ebRanmeslydhowaydrp lirgoRatinbilitefelaie to
constantly affecting process operations. Mst of the time these events and
di sturbances are handl ditelnppetratingrengess control system However, the
operator is required to nmke an unplanned intervention in the process

oper ati ons whenever the oce cont syst em cannagt ..adeqguat el y, handl e t he
process event. W defi®ne ‘Pﬁeswsﬁgpﬁﬁ%‘ﬁ@t# %%“%?Foﬁ%ﬁ‘l}? 0%, yo‘?\ihearnd t he

cause defined as an abn Yy : gldst A net hodol ogy and system has
been devel oped to creat gﬁlan toﬁggét]e%% on-tl i ne, sets of nodels, which are

used to detect abnornmal operations and help the operator isolate the
| ocation of the root eauUEmselwitapporesignal éxncisetdtisment, the nodel s enpl oy
principle conponent analysis (PCA). These sets of nodels are conposed of
both sinple m)gel s that, represent known _engineering relationships and

pri@ci pal cont98ilht a pxampining theglata, those sime pesindsyehnre msargenienisa
att.erns that . | &:hi ' hGal t es. . m t hese
lr[:nny nodel ca?%ﬁhgﬁymégéwﬁwf;}gd of %‘?é’@@r@%ﬁ@%ﬁﬁ@%ﬁﬂm y tinme
trends that akipwwilngitsd sRGASRIPIR XcRideiO easily nonitor whether the

process is entering an abnormal operation. [0082] Figure 1 shows how the

information in the online systemfl ows
[0071] Once these exclusions have been made the first rough PCA model

should be built as discussed in Appendix 1. Since this is going to be a very
rough model the exact number of principal components to be retained is not

important.

[0072] The training data set should now be run through this preliminary
mode! to identify time periods where the data does not match the model. These
C time periods should be e'xamined to see whether an abnormal event was
- occurring at the time, If this is judged to be the case, then these time periods
should also be flagged as times with known abnormal events occurring, These
time periods should be excluded from the training data set and the mode] rebuilt
with the modified data. |

Examine the Need for Dynamic Transfonnﬂ_ibns

[0673) The developer should consider the need for this technique whenever
there is a significant dynamic separation between variables used in the model.

This will be especially true for those independent variables such as setpoints,



t hrough the various transformations, nodel calcul ations, fuzzy Petr| nets
and consolidations to arrive at a sunmary trend which indicates the
normality / abnormality of the process areas. The heart of this systemis
the various rwoebso2ased to monitor the normality of the WEQ@SHs mgﬁgﬁtlons.
10083] The PCA nodel s described in thisdypention are intended to broadly
noni tor continuous refining and chem cal processes and to rapidly detect
devel opi ng equi pnent and process problens. The intent is to provide bl anket
noni tori ng of whidh tight be chasgeddn largesteps bydhpopaets. disy tieimessurents t he
span of WD 2006/ 029290 PCT/ 1J52005/ 032093 ;20 responsibility of a

particul ar cowbisharepavisaas ot)tl@tmmmrecttﬁaﬁmtﬁ ging anofgigd magmeed Fabe ni ng or
chem cal process_operatin ts (e.g. distillation.towers, reactors,
conpressors, ﬁ%@%?ﬂmgékh g re?jlal ns, etc.) which have hundreds to thousands
of process measurenents. The nonitoring is designed to detect problens

whi ch devel op_on a ' 0 h rst| nescal e, as opposed to long term
performance degHRNS RS 88 and equi pnent probl ens do not need to
be specified bef orehand Th| s is in contrast to the use of PCA nodels cited
in the literature which are structured to detect a specific inportant
process probl gmrm]ind tFhefePdt@ contif] bpSatinkgr %ﬁ%]ﬁfprbé&s Bp&afess.

oper ati ons. To acconplish thi§ obj ect i ve, meét hod for PCA nodel
devel opnent a'ﬁlﬂestteqah(bpnn‘nentmmu wﬂm the nperator Imkeﬂa\cdahnp(tmkey)sﬂpmmmm red

for their application to continyous refi n|ng and_ chem processes
i ncluding a cﬁlﬁ’éﬂﬂhetﬂ@? TQBFOREES E@G fuca ag ﬁ?ﬁ?@h@n@i’ééﬁ‘gﬂlﬁ o% qpdalpgta rodel s

criteria and _ n measur enent
i nputs devel @%‘;ﬁ&gb‘tg (r:t? ?&\Yéﬁ@?& %]%g‘g{%ﬁ ggifpp%gg%é ny)ﬁ tﬁ/ari ation
of {principle &egegneets B4Rt SmeCAVhidR Wed AFecISH BR RS ¢ Haﬁfte@ Hdukd B

engi neering rel at ships restructuring the assom at ed atisti cal | nd| ces
prepr ocessi ngcmivertedntd dengatilat variables (se¢ Appendir(t sationDevelqting REA. and

conti nuous on-line no ating
Models for A%D sugsectlon IV,F).

[0075] Subtracting the exponentially filtered value of a measurement from
its raw value and using this difference in the model accomplishes the operating
point removal. The time constant for the exponential filter should be about the
same size as the major time constant of the process. For the ethylene plant this

was a time constant of about 45 minutes.

D. Creating the Initial PCA Model

[0076] Once the specific measurements have been selected and the training
data set has been built, the PCA model can be built quickly using standard tools.

[0077] The engineering approach to selecting the cotrect number of
principal components is to stop when the groups of varizbles, which are the
primary contributors to the principal compt}nent no longer make engineering
sense, This is discussed in Appendix 1, section Developing PCA Models for
AED, subsection V,B. In the present case, Appendix 2 lists the named principal -



using fuzzy Petri nets to interpret nodel indices as normal or abnormal WO
© 2006/ 029290 PCTI US2005/ 032093 -21 using fuzzy Petri nets to conbine

mul ti pl e nodel outputs into a single continuous summary i ndication of

normal ity / vahn@kimheety for a process arga desi gn of opeTASEK050ITOEY acti ons
with the nodels and fuzzy Petri nets tolPe&fl ect operations and mai nt enance
activities 100851 These extensions are necessary to handle the

characteristi j r.ef i Ri nd. chemn | qnt tions and
the corr e-spor‘lzg’|§ﬂrP(gsjfng%11t%gﬂ1t %%?%@@gﬁ%%{f,ﬁ@gt@eﬁqnggﬁ @%EP&?QPW%B‘Z&@M neering
nodel s can beapgRdrémelf et forehoh PTRGHEIAXt ensi ons provi de the advantage of
preventing many of the Type | and Type Il errors and qui cker indications of
abnormal events. [0086] This section will not provide a general background
to PCA. For that, readers should refer to a standard textbook such as P.
Jackson' s " AAdditional BagmeeringModelspal Conponent Anal ysis" (2) [0087] The
cl assical PCA technique nakes the follow ng statistical assunptions all of
which are violated to sone degree by the data generated from nornal
continuous rqhpygINg aMHe GHRBLAR cBhdfibn ﬁ%ﬁﬁ&@@@&%&%ﬁxg]aco bicess 1's
stationary it's nean and variance are constant over time. 2. The cross
correl ati on aftixgmeasiradflos (compensmied forehe piessuranigep adrosnihe valvepmdihess
operations 3. Process noise randomvariables are nutually independent. 4.

The covari andanfdelestimgte ehikeflaye dde megal sstimate; of the flogkigebtaingdiron | e
ositive sem,-def.i ni . 2006102929 CTl Us52005/ 032093 -22- 5 he data

B0 soated - aifipt iy MO ERRERR o BE A E AR R BRE BSinBLio i

scale 1o uni tojihas Rl B parabolic). In the initial application, 27 valve-flow consistency

C_ ) models were developed. This type of model was developed to monitor the main

process manipulation pdints. Several models were also developed for control

loops that historically exhibited unreliable performance.

[0079] A time-varying drift term was added to the model estimate to
~ compensate for long term sensor drift. The operator can also request a reset of
the drift term after a sensor calibration or when a manual bypass valve has
changed. A time-varying drift term was added to the model estimate to
compensate for a long-term sensor drift. The operator can and has changed
position, This modification to the flow estimator significantly improved the
robustuness for implementation within an online detection algorithm. The valve-
C | flow consistency monitors also notify the operator in the event that a control '

valve is fully opened or closed. o



6. There are no (unconpensated) process dynam cs (a standard partial
conpensation for this being the inclusion of lag variables in the nodel) 7.
Al'l variables have sone degree of cross correlation. 8. The data have a
nul tivari at e wozaseh29e8ost ri bution ~. [0088] Consequently, iparh’gecsadzésst i on,
anal ysis and transformation of inputs anggthe subsequent in building the
PCA nodel, various adjustnents are nade to evaluate and conpensate for the
degree of violation. [0089] Once these PCA nodels are depl oyed on-line the
model cal cul ations require specific AREENDIII1processing to renove the
effect of known operation and nmaintenance activities, to disable failed or
"bad acting” inputs, to allow the operator observe and acknow edge the

Phe’ oot cul at | AR et et iandet BE FRTo@ el BFASROLY 13" of “pca
model s is suppiREmY ok GiciMichs! MG AENIRDEE cviitabnd desuhdascks @fe known

engi neering rel ationshi ps that nust be true during nornal operations. These
can be as si nhkedled bylthe provgspéomiod aydigmr Hdwedem the opeasior sreguised tor  as
conplex as material and engineering balances. 100911 The si npl est form of
redundancy chaeaks agmpdanpsil dntegvensipa éi the rogess operatipas whenever the pigsessat ure 2

flow 1= val ve characteristic,cyrve al ve,1 position 0061029290 -23-
PCT/ U52005/ 0356850 Syafem Faiof At a@éﬁﬁ‘ﬁﬁ&%&?ﬁ?ﬁs efeht 3 A0S B2, out o
roce nit tﬁﬁgzﬁ T, Qﬁ’éfﬂ" . 'J}Bﬁﬁ = | ots,
Euch Z: tﬁeI \?%?%/e f oavl\}égﬁ%t |n§q§gure%méggg pi S?l%ﬁgg%gr?ﬁgr ea oe?e%tblrorral >

operations, shown on this plot by the gray area. Operations outside this

area are signaled as abnormal. [0093] Miltiple redundancy can al so be
checked t hr oud®0&l]si nghanethodelogy aed sysierahaspbern devekeped) tesreste and to

i di nensi onal, r edundan re: I re 1z, pr 2 = ..., = pr r
nrru Lidimens Or&gploy%%yhge? seth o n?odels, Khich are tsed t0 detect abnofmal operatmns%n Ssure

help the operator isolate the location of the root cause. In a preferred

embodiment, the models employ principle component analysis (PCA). These
sets of models are composed of both simple models that represent known
engineering relationships and principal component analysis (PCA) models that
represent normal data patterns that exist within historical databases, The results
from these many model calculations are combined into a small number of
summary time trends that allow the process operator o easily monitor whether

the process is entering an abnormal operation.

Q : {0082] Figure 1 shows how the information in the online system flows
through the various transformations, model calculations, fuzzy Petri nets and
consolidations to arrive at a summary trend which indicates the normality /
abnormality of the process areas. The heart of this sysiem is the various models

used to monitor the normality of the process operations.

[0083] The PCA models described in this invention are intended to broadly
monitor continnous refining and chemical processes and to rapidly detect
developing equipment and process problems. The intent is to provide blanket

monitoring of all the process equipment and process operations under the span of



material flowinto process unit | = material flow out of process wunit | =
... = material flowinto process unit 2 [0094] Miltidi nensional checks are
represented with "PCA |ike" nodels. In Figure 3, there are three
_independent wocessadsaedant neasures, X, X2, and X3. WenpygfsiigsaiRgoes by
one, Xl changes by al3 and X2 changes by2@23. This set of relationships is
expressed as a PCA nodel with a single principle conponent direction, P.
This type of nodel is presented to the operator in a mnmanner simlar to the
broad PCA nodespnsihditwiofla panecitlmocahisoleropeaten past.r Thisrmaarnoyolvhewdoy t he gray
area shows the areg of nornmal, operations. The , principle conponent | oadings
of P are di r&ﬂppf‘%‘%l%f’%@@dmpmﬁﬁé OEE’&?‘HSQPFtE&-ge‘angﬁ‘F%%“W&: in the

traditional nner t ermni 14 he. di et est

ari abi 1 y. TE009S omERbt dRelArRenb TE) SR BE Qoo cqui r o
exception Oﬁﬁél?s‘ahéwéfﬁr%p&%‘%ﬁeéshf‘e?ﬁeﬁt@’Fﬁéﬂi&ﬁhbﬂﬁg?sc&éﬁ@{eﬁt@\ﬂ%feci he nor mal
range of process operations and normal field equf pnment™ changes and

mai nt enance aebblentsivasich déxaiopbas minutesde houmstimesenbd, ap oppesed 1o Wag
20061029290 -24- PCTI US2005/ 032093 _ openi ng Qf bypass val ves around fl ow
meters conpdeEmperigrmasce destadation. ThedWAsess anthegrisaant proiemg de not need

bpor at ?:nrgt oda e spesdit BEREctsBA” T is R ik R BEPEAmPEBls %ﬁ%ﬁﬁy"é‘hﬁcks
. - P M 1 ] H

cont i nuous. sunBiebdule RIS iy AficR b AREPY bERIOREPEREA DoARE PRI " @

under his cantnekotdriaguteh dhallér paion bf el propdse opeaitioat.i cal indices are

created fromeach PCA nodel so that the indices correspond to the
C(;)ffi guration and hierarchy of the process equipnent that the process

t h Th itivity. of .t t di t.i | S d
ol or oy e e SRR T e RO S
only contain e ,608hf &ﬁ'&#ﬂ{i’;ﬁﬁ@ﬂﬁiﬂ&uﬁﬁa hide: $Pﬁow$ek'€xieﬂ£iklfel§regyw{{‘e& lforc O

from desi gnated portions o e conplete process area cover
their application to continuous refining and chemical processes including:

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

measurement inputs

e developing of multivariate statistical models based on a variation

of principle component models, PCA

s developing models based on simple engineering relationships

restructuring the associated statistical indices

. preprocessing the on-line data to provide exception calculations

and continnous on-line model updating

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

abnormal



the PCA nodel. Each statistical index fromthe PCA nodels is fed into a
fuzzy Petri net to convert the index into a zero to one scale, which
continuously indicates the range fromnnornmal operation (value of zero) to
_abnor mal opeM4t20860293%al ue of one). [0098] Each redundancyctiuvsmisbosg! SO
converted to a continuous normal - abnor@hk indication using fuzzy nets.
There are two different indices used for these nodels to indicate
abnormality; deviation fromthe nodel and deviation outside the operating
range (shown on Fi gur e 3isinglinaze Pekimes toenmbine naglipleanedel ondputhintgsam of t he

square of the error and the Hotelling T s r j ndices fQr nodel s. For

cﬂgcks wi t h di nensi on gﬁﬁ%@ﬁ‘%&%’lﬂﬁ , %%ﬂ%@éfMO@WMWﬁw ch

i nput has a problem |n i Lnce the X3-X2 relationship is still
SBLOBtEendy

wi thin the normal envel lemis with input XI. Each deviation
nmeasure is converted by the fuzzy Petri net into a zero to one |l WO

20061029290 PCTI US20051 -25- . SC 1] ' [ cate the
range from nor mal ope?aﬁ%gﬁ%gﬁ%@%ﬁ{egmgF)g&a%ﬁﬁ%w% erghgﬁ&l val ue of
one). [0099] For each PhREARSeAERJPURAREs LAE nRStBRick heRbikhe operator, the
applicable set of normal - abnor malp indicators is conbined into a single

normal - abnormal indicator. This is done by using fuzzy Petri logic to
sel ect the worst case indication of abnormal operation. In _this way the

operator has [8088lgh | These exdansinns\are necessary fehanlle ke chiaranteristies ofr ocess
area. This sectjon Wl not provide eneral background to fuz Petri
neto. For t naphtitdniap il etpuncal vt Spergu e e FonCEbREaNte | Nt s-
An Overvi ew : T r .} i bnor nal event
appi 1 cat 1 on (-RArcRotel so B PR gid gRERF Eant IR RIS, BRLE 10T 0

| terative wheffectively. dhesd @nedsidisprosidy thd advantgofmesintingiemysefmessi vel y
i nproves that nodel”"s capability based on observing how well the nodel
represents t&padtand Typedt ewers andequicken imdidafians pfisbnerosad iefremtsoper at i ons and

abnornmal operations. The nodels are then restructured and retrai ned based
on these observations.

[0086] This section will not provide a general background to PCA. For

that, readers should refer to a standard textbook such as E. Jackson's "4 User's

Guide to Principal Component Arnalysis" (2)

[0087] The classical PCA technique makes the following statistical
assumptions all of which are violated to some degree by the data generated from

normal contimious 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.

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

(i.e. positive semi-definite).



DEVELOPI NG PCA MODELS FOR ABNORVAL EVENT DETECTION |. Conceptual PCA Model
Design [00101] The overall design goals are to: provide the console
operator with a continuous status (normal vs. abnormal) of process

operati ons f aY0 2006/0290% he process units under his oper at ipag/&odocdasdobsy
provide himw th an early detection of a2Zapidly developing (mnutes to
hours) abnornal event within his operating authority provide himw th only
t he key process informati on needed to di agnose the root cause of the
abnormal event. WO 20000%bedatapaTicekzibppogriosdy” (he sfaodardsfatisticalal r oot
cause diagnosis is outside the scope of this.invention. The console

operator is expected to HEYHIPENG WSROI VIBEFSIm based on his process
know edge and training. ]00103] Having a broad process scope is inmportant to

t he overall success of r rafi ' L g, h ator to
| earn the system and 6@?&%}%32?#? @&ggﬁﬂeg&t@rﬂﬁégﬁgﬁggaﬁcéﬁgﬁpg e the
system Since specific SRHal fhpsiibfo? ¥l bed me%ﬁéibﬂofﬁgwles
operations nonitoring of a smal Ip portion of tikllieg]c process woul d be
infrequently used by theinthemasdel), |ikely |eading the operator to disregard
the systemwhen it finally detects an abnormal event. C This broad scope is
in contrast to the published nodeling goal which is to design the nodel
based on detecting a Spedilfvaciaples bavssgnedegar of cosgrotreletion. economi c
interest (see Kourti, 2004). 1001041 There are thousands of process
measurenents within the oGes uni ts.under a single cqnsole operator's
operating authority. nﬂl‘i‘ﬁa%tﬁilaY%Fmﬂiﬂwaéﬁﬂo%@ﬁﬁwuwlbcesses exhi bi t
significant tinme dynam cs anong these neasurenents, which break the cross

coEr-eI ation am)ggl the data. This, requires dividing_the process equi pnent
i nto separ at e[0B8R] nod&fonsedrendly: mdhe peleetion; gnalypisend iransPriation Phinited.

100105) " Conceptal, (Bch oS iialy BTG, Rbls BBhISIRR R o

evaluate and compensaie for the degree of viclation.

[0089] Once these PCA models are deployed on-line the model calculations
require specific exception processing to remove the effect of known operation
and maintenance activities, to disable failed or "bad acting” inputs, to allow the
operator observe and acknowledge the propagation of an event through the
process and to automatically restore the calculations once the process has

returned to normal.

(L [0690] 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.

[0091] The simplest form of redundancy checks are simple 2x2 checks, e.g.

e temperature 1= temperature 2

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



Subdi vi di ng the process equi pnment into equi pnent groups wth corresponding
PCA nodel s Subdi vi di ng process operating tinme periods into process
operating nodes requiring different PCA nodels Identifying which

nmeasur enent s W 96402590 equi pment group shoul d be desi gnatﬁﬁ,@odsm\%dgss to
each PCA nodel WD 2006/ 029290 27_ PCTI Us2805/ 032093 | denti fying I ch
measurenments wi thin an equi pnment group should act as flags for suppressing
known events or other exception operations A Process Unit Coverage [00106]
The initial decision ®s materinbfow intoprpeess imitdu+ praterialtfhew owt of prbeesscover ed
by a single PCA nodel. The specific process units included requires an
under st andi ng of the prd@lé%% integration | interaction. Simlar to the
design of a nmultivariable constraint controller, the boundary of the PCA

model  shoul d ggglgffg%%sc%' .s‘ﬁb%itﬁitﬁﬁﬁerﬁ&f’&seaﬁlglé‘k- e@ﬁ;géﬁgﬁcg} a;%}gekey

upstream and am 1 ndications process chan rbances.
1001071 The fwilveolbwdlotinStigare2. UESsh %lat kistadrdred 6findined @pesitionSBmbwar oups:
[ 001081 Equi pnent groups are defined by including all the major naterial
and energy i netusploohy thmgrayuiredk Opergliorsouitside flus sxeamre pignpiedns group. | f
the process yses mul tivariable constraint controller, the controller
nodel wi || e&’é‘PﬂB&tly identify the interaction points anong the process
units. Oherwise the interactions need to be identified through an

engi neering analﬁsi s of the process. [001091 Process groups shoul d be

di vi ded at a 19893k whMdiiplesiedundangy can alserde chegleddbrough osingléen t he process
i t .y 1NE . t i i Vidi poi nt wh th |
Chteract on cfmAR T modkl, Hrmpfes ot SufeBnlosl fRARGERS et he next

doynstreamunit. In this case the tenperature, pressure, flow, and
coﬁgositi on of the feed are the primary_ influences on the downstream

equi pment group and tRe IHP@%‘E@JT?PTESWF@P%@“GMSHeam unit is the
primary influence on the upstream equi pment group. These primary influence

measurenents shoul d bg 1 ALl UAP Aol lnB Prbedst BukASL hEAHEAHbw out of process

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

[0094] 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 ay3 and X2 changes by 2;3.
This set of relationships is expressed as a PCA model with a single principle
component direction, P. This type of model is presented to the operator in a

’ manner similar to the broad PCA models. As with the two dimensional

C - redundancy checks the gray area shows the area of normal operations. The
principle component loadings of P are directly calculated from the engineeting
equations, not in the traditional manner of determining P from the direction of
greatest variability.

[0095] The characteristics of the process operation require exception
operations to keep these relationships accurate over the normal range of process
operations and normal field equipment changes and mainienance activities.

Examples of exception operations are:



downstream equi pnent group PCA nodels. WO 2006/ 029290 -28- PCTI US20051032093
[ 00110] Include the influence of the process control applications between
upstream and downstream equi pnent groups. The process control applications
provi de addi tWOR616/0292P4 uence pat hs between upstream and dommRshsBamssEyi prent
groups. Both feedforward and feedback patlds- can exi st. Where such paths
exi st the neasurenents which drive these paths need to be included in both
equi pnent groups. Analysis of the process control applications wll
indicate the major it eopmniigoSbygashyalveeanonnd flow meters. [00111] Divi de
equi pnent groups wherever there are significant tine dynamcs (e,g. storage
tanks, |ong pipelines ®et@mpensaEngfox upsiesn / gpWReEeary Drosswig dhaggesck process

changes (e.g. those which cur, ov eriod of mnutes to hours).

| nfl uences, which take& s@@iﬁgﬁé%ﬂfg?ﬁdg%“ﬁqm@;%h weeks to have their
effect on the process, are. ngt suitable for PCA nodels. \Were these

i nfluences are i rrport'arﬁeﬁ’[r %@WS?MO@%?G@FP@P@gﬂQ‘g%errents of these
effects need to be dynamically conpensated to get their effect tine
synchroni zed QB theT%tgq’%fg} rocess E}gasurerrents see thehﬁcg' scussi on of
dynani c corrpewg } on) Thg Epbths CRERCRIIR I gy © #¥s operating
modes are def iiatindd uSiNe Huldh CoUHTRIPE! drB0e MEhBeodhePlBF Gt SCNaVi OF TS
significantly difterent: npl es of t'hese are production of different

grades of pr oghittnunbes Simipetyimicafoadfehd fermalisy oNihkiRosdss ppeseivss under
transitions (e.g. startups, shutdowns, feedstock sw'tches), processing of

dramati cal | y bisicbeirel(Figuredst ock (e.g. cracki ng naphtha rather than ethane
in olefins production), or different configurations of the process
equipnment (different sets of process units running). [00113] Were these
signi ficant o3} i ng Multipke statistical intlides atd drehtgd fivan eactePEAanodf2GA thaidel s
w Il need to be devel oped for each nmgjor operating pode. The fewer nodels
needed t he betedrdicesforispandinthe cpatigeration and hiasgrchy of heeprioress PCA nodel

coul d cover S| ubalyIREY b bSbelRdSSato HaRal8S SHIPLBRIHPS: HO28R8HEP 9290

PCT/ US2005103
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 bomplete process atea covered by
the PCA model. Each statistical index from the PCA models is fed into a fuzzy
Petri net to convert the index into a zero to one scale, which continuously
indicates the range from normai operation (value of zero) to abnormal operation

(value of one).

[0098] Each redundancy check is also converted to a contimuous normal -
abnormal indication using fuzzy nets. There are two different indices nsed for
these models to indicate abnormality; deviation from the model and deviation
outside the operating range (shown on Figure 3). These deviations are
equivalent to the sum of the square of the error and the Hotelling T square
indices for PCA models. For checks with dimension greater than two, it is
possible to identify which input has a problem. In Figure 3, since the X3-X2
relationship is still within the normal envelope, the problem is with input X1.

Each deviation measure is converted by the fuzzy Petri net into a zero to one



pe tested by running new data from each operating node through the nodel to
see if it behaves correctly. C. Historical Process Problens [001141 In order
for there to be organi zational interest in devel oping an abnornal event
detecti on sy3¥i®mpé/edaeace shoul d be an historical process ppephRitossizoes
significant econom c inpact. However, th@8e significant problens nust be
analyzed to identify the best approach for attacking these problens. In
particular, the devel oper should nake the foll owi ng checks before trying to
build C an abﬂeﬁhﬁlw@ﬁnmindeuﬂyhidifvﬂtaﬁ;ﬂmng@ from narmateperation frabe of be
permanently fixed? ten.a probl emexi sts because site personnel have not
had suffici eff€t i@@%@ﬂ%ﬁ%&ﬁ@a@ﬁ&%ﬁgﬂmnentIy sol ve the problem Once
the attention of the organization is focused on the problem a pernmanent
solution is often found. This is the best approach. 2. Can the, probl em be
directly mead00%> A For eacharpeass araaaindenthgatutharity of ficoppesafor.ghe o i nst al |

be noed Lo prRERBSDLE AE GhngBa HRoGigh At ik e PP SiRate bamRa i o

is the secon honée s ifﬂ%ﬁf 18l
devel oped \/\h%gﬁ&\?\nﬁ?llqﬂ&rr%ggﬁr gh%‘;h%a“%%g?gg@ﬁ to tﬁﬂﬁggﬁg?&n&?kéﬁtg?ﬁqr%ﬁ?
Inferential rassidenEidhofabRome] dbbiatiofle Ue tidp adyube hagb higlakyelsquar es,

PLS, nodels which are very close relatives to PCA abnormal_ event nodels.
O her common satomastyad isllahe thecks adthin dps prgcessiasese Thissecien sdlawtntayidercl ude

Neural Nets and |inpear, regression dels. I f . the data.exists. which can be
used to reli érﬂeycwgﬁéﬁlﬁomgi@ ﬁ]ﬁﬁy gg%nnett% F%ﬂ]ﬁES‘Eﬁ@Fﬁ W’E&?frf‘o(e. g. tower
fl oodi ng usi t : i e used to not only detect

when thg condi ‘?@gr?’%?EW%%%‘&%E%&W@OOMOQO% -30 bﬁt al so as

the_base for a control application to prevent the condition from occurring.

condi ¢ ons. a iV 0Hor o o QP Pesse bt igBlt LIS Dmar et PR TR in by
integrated | 3hawhif FRuee3. I The basic development sirategy is iterative where the

developer starts with a rough model, then successively improves that model's

capability based on observing how well the model represents the actual process
operations during both normal operations and abnormal operations. The models

are then restructured and retrained based on these observations.

DEVELOPING PCA MODELS FOR ABNORMAL EVENT DETECTION
1. Conceptual PCA Model Design

(- [00101}]  The overall design goals are to:

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

his operating authority

s provide him with an early detection of a rapidly developing

(minutes to hours) abnormal event within his operating authority

+ provide him with only the key process information needed to

diagnose the root cause of the abnormal event,



.network of abnormal detection nodels. H Input Data and Operating Range
Sel ection [00116] Wthin an equi pnment group, there wll be thousands of
process neasurenents. For the prelimnary design: C. Select all cascade
.secondary coWwODr2geq0392%easurenents, and especially ulti naper/eSocsndsadoy
outputs (signals to field control valve3)-on these units Select key
nmeasurenents used by the consol e operator to nonitor the process (e.g.

t hose whi ch appear on hi s operat schematics Sel ect _any neasurenents
used by the c{&gl tuabroot ceuseshiagnosistis eujst fbﬁﬁmﬂiﬂ&méGMess

Sel ect any u ream rreasurerrent of rate eed tenper C oy, feed

quat ity el D RBSRIE DRSS GKPH G CeHARisIha PrOc L DIAEH Daredken Mshe

process operﬁé&gsﬁ&gedgg% cbarly pressures. Select extra redundant
nts t

measur enent s neasur e nat®are inportant Select measurenents that
may be needed to cal cul ate non-linear transformations. W 2006/ 029290

R e L e e S

process expely| bﬁoﬁﬁﬂ%?@rat@iﬂl&iﬁ% thﬁE@bﬁSﬁﬁto?ftoIé&?nﬂ:{ fegn fRNdi tion
[001171 Fromthis |ist only incl measurenent s which ve the fol |l ow ng

char act er i st ingaintairilhis skidlsshe aemistto degﬂarﬂyomdﬁeesystem §mcwspﬂmfw ratic or
probl em performance ~
abnormal events occur infrequently, abnormal operations monitoring of a small

portion of the process would be infrequently used by the operator, likely leading
] the operator to disregard the system when it finally detects an abnormal event.
(,_ This broad scope is in contrast to the published modeling goal which is to design
the model based on detecting a specific process problem of significant economic
interest (see Kourti, 2004).

[00104]  There are thousands of process measurements within the process
units under a single console operator's operating authority. Continuous refining
and chemical processes exhibit significant time dynamics among these
measurements, which break the cross correlation among the data. This requires
dividing the process equipment into separate PCA models where the cross

correlation can be maintained.

C [00105]  Conceptual model design is composed of four major decisions:

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

» Subdividing process operating time periods info process
operating modes requiring different PCA models
o Identifying which measurements within an equipment group

should be designated as inputs to each PCA model



* The neasurenent has a satisfactory signal to noise ratio The neasurenment is

‘cross-correlated with other neasurenents in the data set The neasurenent
is not saturated for nore than 10% of the tinme during normal operations.

The measur emyy 2o tightly controlled to a fixed set p?k?ﬁlszonmz&t} rarely
‘changes (the ultimate primary of a contrgly_ hierarchy). e measurenent

does not have long stretches of "Bad Val ue" operation or saturated against
transmitter limts. The nmeasurenent does not go across a range of val ues,

which is known to be .him&hﬁf}ﬁ_@@v&hﬁﬂﬁﬁ@aﬂé}ﬁaﬁgaﬁ%ﬁﬁﬁ@%{mﬁ@gﬂﬁl edundant
calculation fromthe raw neasurenents WO 2006/ 029290 PCTIUS2005/ 032093 -32

The signals to field conthomld aetlagdagafe swppressing kavwn éventsnerrothdérhan 10% of
the tinme A Evaluations for Selecting Mddel Inputs [00118] There are two
statistical criteria fort¥epbeRepetai@ihotential inputs into the PCA.
Abnormal Detection Mdel, Signal to Noise Ratio and Cross- Correlation. 1)
Signal to Noise Test The signal to noise ratio is a neasure of the

i nformati on cént BracessUnitiiéovieraget si gnal . The signal to noise ratio is
calculated as follows: 1. The raw signal is filtered using an exponenti al

R G T R R T
can' b used oS Ry Y e PE SRl The sheckfy pitcbes Sl okl Pafes bh ! 1 ©
understanding of the process integration / interaction. Similar to the design of a
multivariable constraint controller, the boundary of the PCA model should
C encompass all significant process interactions and key upstream and downstream

mdications of process changes and disturbances.
[00107]  The following rules are used to determined these equipment groups:

[00108]  Eguipment groups are defined by including all the major material
and energy integrations and quick recycles in the same equipment group. If the
process uses a multivariable constraint controller, the controller model will
explicitly identify the interaction points among the process units. Otherwise the

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

C [00109]  Process groups should be divided at a point where there is a

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

downstreat equipment group PCA models.



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

Exp(-TSI Ta Filter constant cal cul ati on Equation 2 where: Ya the current
filtered value Y" _i the previous filtered value X' the current raw val ue
P the exponewambsi2pigsoer constant TS the sanple tinme of tRer{BAGNSHENt Tr
the filter time constant WO 2004610292902%CTI US20051032093 -33 2. A
residual signal is created by subtracting the filtered signal fromthe raw
signal R" = Xn - Yn Equation 3 3. The signal to noise ratiois the ratio of
t he standar d [0@lA0dt | ofechidetthe influcree efithe procesk canmoldpwlicgtionscbatveeniar d

deviation of the residual signal S,/ N = 6Y {A}ﬁa I%%uation ﬁ }{’00 191 It

oref or abl et SPHEGAR A AONPIS e aTFTEn, X TP RFOCE S ioBob ApRlEaHons,
det . o ) ’ : ) _ .

e Mg Brévis fionst s et palRAwbeP e shadd Mt QRfohdie>

i ncluded in }gMpED@ith[f’%@%aﬁhﬁd@@dd@aﬂepat%eﬂl Existc AVatexueh tPaths Bkt shoul d
ong

excl ude any periods of steady-state operation since that will cause
t he esti mat ethomeasweemeints svhich driven these paths eced inshe/isicinded iy botlpgquiproent

Correlation Test [00121]. T cross correlatj.on.is a,neasure, of the
R o mati o EERARA i G e Bross Gon e plgrions FAIF SLetedhe AV i on

bet ween any t | ' ﬂ&aﬂ as: 1. Calculate the co-variance, S
k, between e%ﬁ@ﬁ%ﬁ?@gﬁ, | r%ﬁ%s@&ﬁgsk =N E *X- X* X Equation 5

NF (N 1)

i's

[00111] Divide equipmenf groups wherever there are significant time
dynamics ( e.g. storage tanks, long pipelines eic.). The PCA models primarily

( handle quick process changes (e.g. those which occur over a period of minutes to
hours), Influences, which take several hours, days or even weeks to have their
effect on the process, are not suitable for PCA models.. Where these influences
are important to the normal data patterns, measurements of these effects need to
be dynamically compensated to get their effect time synchronized with the other

process measurements (see the discussion of dynamic compensation).

B. _Process Operating Modes

[00112]  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).

[00113]  Where these significant operating modes exist, it is likely that
separaie PCA models will need to be developed for each major operating mode.
The fewer models needed the better. The developer should assume that a

specific PCA model could cover similar operating modes. This assumption must



2. Calculate the correlation coefficient for each pair of inputs fromthe
‘co- variance: WD 2006/029190 PCTI US20051032093 -34 CC,k = Sk/(S;i*Sk )''?2
Equation 6 [00122] There are two circunstances, which flag that an input
shoul d not bweo 2e08@tsasted i n the nodel. The first circunst gregyQaBEMsHevhen
“there is.no significant correlation betpgen a particular input and the rest
of the input data set. For each input, there nmust be at |east one other
input in the data set with a significant correlation coefficient, such as
0. 4. [001231 bhestekby mahrihg eewslatafremaach operatiag midde theomehi the ntodehfoor mat i on
has been (accidentally) included tw ce, often through sone cal cul ation,
whi ch “has aseg Hrbbehfves gemestiy.er. Any input pairs that exhibit correlation
coefficients near one (for exanpl e above 0.95) need individual exam nation
to determine whether both inputs should be included in the nodel. If the
i nputs are plysiHisiorital Preeps Pashibmbut | ogical ly redundant (i.e., two
I ndependent thernocouples are 1 ndependently neasuring the sanme process
tenperature) then both these i nhputs. should be jincluded  in _the nodel.
[00124] 1f tUB0Xkddut sIneerder Faribers torke prgmsizationaldnicsesidn develeping @Brper at ur e
and pressure,co nsated .t erat ur t reference.i 5 to include the
neasur enent aPP.%‘{TW% &' G%Ip(ng%(‘t Sv8 eaﬁnaﬁqr? %"‘ﬂﬂ ?’ﬁ ,ang'rﬁ gggzﬁlpﬁggegs prsolf)iem
signi ficant! yrinmroved CoRssic i j : WEBSUr enent s
and the rest%g?{g he gfg(get . cﬁgﬁéﬁmgegﬁéﬁﬁsﬁ%%%tg&%ﬁr@g?g}ss correl ation

shoul d be in@hﬂ@é@ﬂt&ﬁeﬁﬂ@&bﬁett@pﬁoabﬁﬁdﬂ angkbgl tieed pdbléats, dial es [ 00125]
Refining and chem cal processes often run against hard and soft constraints
resul ting i npsdtouta; ¢ dextlopsr mldmheﬂmﬁwggwmgwhqqkebnﬁuemngmt@ﬂd Conmon
constraints are. instrunment transmtter high and | ow ranges, analyzer
r@ges, MBxi ﬁﬁﬁbﬁ?ﬂ“@ﬁiq’f?ﬁ.ﬁiﬁtﬁ%a@ﬁ’h ®Fe positions, and process control
application output limts. inputs can fall into several categories with

regard to WD 20061029290 PCTTUS200S/ 032093 . -
J 1. (%an eprobﬁem Ee permanently fixed? 83611 a problem exists becanse

site personnel have not had sufficient time to investigate and permanently
solve the problem. Once the attention of the organization is focused on the

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

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

control application. This is the second best approach.

C- 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 altematives for
developing inferential measurements include Neural Nets and linear
regression models. If the data exists which can be used to reliably measure
the approach to the problem condition (e.g. tower flooding using delta

pressure), this can then be used to not only detect when the condition exists



saturation which require special handling when pre-processing the inputs,
“both for nodel building and for the on-line use of these nodels. Bad Val ues
[ 001261 For standard anal og instrunents (e.g., 4-20 mllianp electronic
transm tter syQ u@@zosed ues can occur because of two separ - The
“actual process condition is outside the_ggnge of the fi efﬁ&ﬁ;{?éﬁﬁtﬁ@?ﬂﬁg% er
connection with the field has been broken [001271 Wen either of these
conditions occur, the process control system could be configured on an

i ndi vi dual measubsyEsy adiheibasé forel dontrol agpslication to fR{ehBIhetRHaition ffdie val ue
for that neasurenent to indicate that the neasurenent } 1is a Bad Value, or
to mai ntain the bemuriggodhizds tlee thirditiest appasashenent . These. values will then

propagat e t hroughout any cal cul ati ons perfornmed on the process control

t W | e ont | confi gur: '
Thad to err olSf8] o BofiRtect Mol chRhisUE oL M A iffroddd %, T
Typically whgdshidghenBrst tHodd @nde@siR dad belcasiRorh@statcdiptiahc oherayst em al |

cal cul ati ons which depend on the bad neasurenent will be flagged bad as

wel | . 100128 hefegrkroflzbrermdl defretioptadelsonf i gured on the process control
system those tinme periods, which include Bad Val ues should not be included
intraining or test data sets. The devel oper needs to identify which option
has been j @Qnfi m(l)dtdlaﬁ@@pﬂfmgmelﬂeleaﬁoﬁystem and then configure data
filters for excluding samples, which are Bad Val ues. For the on-line

i npl enentati on i nputs nust be pre-processed so that Bad Val ues are fl agged
as missing vaDOHS] - Wathie pe squipmenh BERpotherowilhhe thasandsofquoesss on t he
process control system ]?/Dtég% 029290, PCT| US20051032093 -36 100129] Those
i nput's, whi cFSESECHISA TQF e AT t455188% t ensi ve time periods shoul d be
excluded fromthe nodel. Constrained Variables 100130] Constrai ned vari abl es

aré ones where the neasurenent is at. sone
» Select all cascade secondary controller measurements, and

The

especially ultimate secondary outputs (signals to field control

valves) on these units

¢ Select key measurements used by the console operator to monitor

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

¢ Select any measurements used by the contact engineer to

measure the performance of the process

) o Select any upstream measurement of feedrate, feed temperature
(. ' or feed quality

e Select measuremenis of downstream conditions which affect the

process operating area, particularly pressures.

o Select extra redundant measuremenis for measurements that are

important

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

transformations.



limt, and this nmeasurenent nmatches an actual process condition (as opposed
to where the value has defaulted to the maximumor minimumlimt of the
transmtter range - covered in the Bad Val ue section). This process
_Ssituation caWo 206009296 or several reasons: Portions of thecRUQeRS209% €
normal Iy inactive except under special -gyerride conditions, for exanple
pressure relief flowto the flare system Tine periods where these override
conditions are active should be excluded fromthe training and validation
data set by setting up dzlert by teiesnal hovastiementof 4 distarbphen@y. atibdent t hese
override events are trigger events for automatic suppression of selected
nodel statistics The pr’@i@p%@t‘b‘@htrol systemis designed to drive the
process against process operating limts, for exanple product spec limts.
These constraints typbcadleethﬁybme@mahmmtseMMe odd30eRp erts\MéE@:H are
occasionally saturated and those, which are normally saturat ed. Those
i nputs, which are norml&meﬁmﬁn&tmﬁdhdptmesmdum fromthe nodel.
Those inputs, which are only occasionally saturated (for exanple |less than
10% of the ti can_be inc t he nodel however, .they shaul d be
scal ed basedﬂﬁi’ﬂlhe ﬂ%ﬂt}éh%‘a@ym& dg W@?S‘E?’E‘eﬁfﬁtwgﬁﬁbﬁﬁ‘?é’&ih
20061029290 %?%%8%032093 -37- B. Input from Process Control
Appl i cations ie process control applications have a very
significant effect on the correlation structure of the process data. In
particular: The variati n of contr \dged vafr i abI e f n|.f| canlb %}(reduced
so that movenent in fh dﬂ?ﬁsaﬁﬂé%“ F¥ 484 %PWTQ? cept for
those brief time peri od? process has been hi t vvlth a significant
process di sturbance or the operator has intentionally noved the operating
pcfnt by changi ng key C set points.

* The measurement has a satlsfactory signal to noise ratio

o The measurement is cross-correlated with other measurements m

the data set

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

during normal operations.

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

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

operation or saturated against transmitter limits.

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

known to be highly non-linear

o The measurement is not a redundant calculation from the raw

measurements



The normal variation in the controlled variables is transferred by the
control systemto the mani pul ated variables (ultinmately the signals sent to
the control valves in the field). [00132] The normal operations of refinery
.and chem cal wormogeome are usually controlled by two di fpefe8i0dyRes Of
control structures: the classical contrgh-cascades (shown in Figure 6) and
the nore recent nultivariable constraint controllers, MVCC (shown in Figure
7). 1) Selecting nodel inputs fromcascade structures [00133] Figure 6 shows
a typical "cascade" pwoCEsssigaalsiofickimontrohvaloes arewot siturstedforenyredhamon
control structure for refining and chem cal processes. Although there are
many potential nodel inplfi% ofteetimech an application, the only ones that
are candi dates for the nodel are the raw process neasurenents (the "PVs" in

this figure) ndEt e f.ina }out E@dttf field valve. [001341 Although it is
a very inport eieg ultimate primary of the cascade
control structure is a poor candidate for inclusion in the nodel. This

measur enent y h Wy i : 0
hon Usso0e o BUEL8Y ,f%e ﬁ%t%re&%?ﬂ?ﬂg CoNt 1o ???ﬁ@?fﬁ%@@?@“ﬁ%@%@t hi s
neasur ement ahe PO 2d¢inpemal Detettion Mazel) Signaltny dlsivetRatio &dbChdésof t he
ultimate primary if its setpoint is changed but this usually is infrequent.
The data pat tepmelafiglmm occasi onal primary setpoint noves will usually not
have sufficient power in the training dataset for the nodel to characterize
t he data pattﬁrnr qul%ér Bgcause of this difficulty in characterizing the
data pattern k hanges in the setpoint of the ultimte
primary, when the operator nakes this setpoint nove, it is likely to cause
a significant increase in the sumof _squared predjction error, SPE, index
of (_{t he nodel . Consequéheisignahigneiparagie i g necasure the ifermetias cantentint i nat e
primary is a gandi a%gﬁirigger for a "known event suppression”. Wenever

t he operator ﬁgﬂﬁ@gl ‘'ultimate primary setpoint, the "known event
suppression” logic will automatically renove its effect fromthe SPE

cal cul ati on. . . .
The signal to noise ratio is calculated as follows:

1. The raw signal is filtered using an exponential filter with an approximate
dynamic time constant equivalent to that of the process. For continuous
refining and chemical processes this time constant is wsually in the range of
30 minutes to 2 hours. Other low pass filters can be used as well. For the

exponential filter the equations are:

C | Y,=P* Y ;+(1-P) * X, Exponential filter equation Equation 1
| P = Exp(-TJ/Tp Filter constant calculation Equation 2
‘where:
Y, the current filtered value

Yo the previous filtered value

Xn the current raw value
P the exponential filter constant
Ts the sample time of the measurement

Te the filter time constant



[00136] Should the devel oper include the PV of the ultimate primary into the
nodel , this neasurenent should be scal ed based on those brief tinme periods
during which the operator has changed the setpoint and until the process has
noved cl ose twortdseomsasee of the new setpoint (for exanple wiciidion3h%eef the
now setpoint change thus if the sel poi nt3xhange is from 10 to 11, when the
PV reaches 10.95) [00137] There nay al so be neasurenents that are very
strongly correlated (for exanple greater than .95 correl ation coefficient)
with the PV of the Utimate ,Prinmary, for exanple.redyndant .thernmocoupl es

| ocat ed near é'tgﬁﬁ@ﬁﬁ?ﬂggnﬂﬁ%Sggﬁﬁﬁﬁﬁwgﬂégﬁuggwgﬂﬁwe$me- oIy NG ER R
Primary. These rE%@Epant nmeasurenments should be treated in the identical
manner that is c eén for the PV of the Utimte Prinmary. [00138] Cascade
structures can have setpoint limts on each secondary and can have out put
limts on the sigRaEXp Yhe field control valve. It is inportBiphation 3O

2006/ 029290 PCTI US20051032093 -39 check the status of these potentially
constrai ned operations to see whether the neasurenent associated with a

set poi nt has BeeThegiphal &thdise Atiods iy @iioed thowaiid deviatioh b€thd filkersd gnal to
the field valve has been constrained. Date during these constrained

oper ati ons shoul gignakdipided dythe stendandgicwiatigh ofdheeskduahgighgldel | nputs from
Mul tivariable Constraint Controllers. MVCC [00139] Figure 7 shows a typical
MVCC process control application, which is a very common control structure
for refining and ghare-epl /gy,pcesses. An M/CC uses a dynanic Bquationd i cal
nodel to predict how changes in nmanipul ated vari ables, Ms, (usually valve
positions or setpoints of regulatory control |oops) will change control
vari-abl es, CVs_(t dependepnt te ratyres, ssures, .conpositions and

f1 qws whi ch rriﬂﬁé&pﬁ t_ﬁ lsd}féﬁeé%@egﬁé‘é?)%ﬁmu 15%_5%@0%‘556%‘@%%8
process Opera%i‘pi’éq‘e?e%h'ﬁé&m?.“?!u%'sﬁghkéﬁ‘ ‘[ﬁnsJﬂ@%d&t SR 16 ha P i€ L her W

mts an externa

limts or CV are detérmned by an optimzer.”" The nunber

of I'imts thamihinihesdERivBRLIxEMIRAMNTS deWrhlind@hetéa theyahbhil be

included in the model

[00120]  The data set used to calculate the S/N should exclude any long
periods of steady-state operation since that will cause the estimate for the noise

content to be excessively large.

2)_ Cross Correlation Test

C _ [00121]  The cross correlation is a measure of the information redundancy the

input data set. The cross correlation between any two signals is calculated as:

1. Calculate the co-variance, Sy, between each input pair, i and k

Sic=N*Z (X *X,) - (2 X;) ¥ (2 Xy) Equation 5
N*(N-1)

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

variance:



nunber of MVs the controller is allowed to mani pul ate m nus the nunber of
mat eri al bal ances controlled. So if an WCC has 12 Mvs, 30 CVs and 2 | evels
then the process will be operated against 10 limts. An MWCC will al so

predi ct the WORMBH2¥P0 neasur ed | oad di st urbances on t he prEEESBI5A3LH3
conpensate for these |oad disturbances {Bfown as feedforward vari abl es,

FF). [00140] Whether or not a raw W or CV is a good candidate for inclusion
in the PCA nodel depends on the percentage of tinme that W or CV is held
against its oper @Qug BiAB*Sp)'t he WCC. As discussed in t heEQuatiom i ned
Vari abl es section, raw variables that are constrai ned nore than 10% of the
tinme are poor candidates for inclusion in the PCA nodel. Normally

unconstrai ned jaa bl t a| ' es
seotion di scudlfA" T bBarbbE SEe AR S BEl- YRR B bR hpRe O
unconstrai ned y\fud&l & e biRsient The fidst cRBHISAAEY 066U (vhkn B is Aid1e  set poi nt
shoul d not be included, instead the neasurenent of that regulatory control

| oop shoul d beignifi¢and edrrelBtion bietyneen 4 partitidar inphitiandifheaestroding tnput datequl at ory
control |oop should also be |ncluded. 0142] If an unconstrained , W is a

d ( .
signal to a f i@l &W&avhnmnmp@rmusttb@@[t'qw%@Fﬂl@r%utmhadé@seﬁmh@ model .
C. Redundant assr epent 001431 Th rRC control system dat abases can
have a si gnif!gf@hﬁcﬁchgﬁhagﬁSWﬁ@%gﬁfﬁg@g‘ndi date inputs into the PCA
nodel . One type of redundancy is "physical redundancy”, where there are
mul tiple sens uc s therpocoupl es) located.in close physical
oy oxi M £y o d3d: oTAS pecePd cHRRmSRGR Recure AR e b Age of
redundancy i sy, Ut at+40] y . .
o homat | cal | o5 Bedi (ELHCRRRLYS SRR e, o B BuE N e RIBERUIA Ruich
tenperatures Ggg FASFerehPienGHbC UARY Riput PSR that exfEbit correfation cOBRRKMITENT S) .
[00144] As a general rule, both the raw neasurenent and an i nput which is
cal cul at ed fr asat duet (forermpaehoveh8h) seadondivédial ekardbution t¢ Heterrothel . The

eneral preferenge i.s. tp includ h er si.on of e asurenent that_ the
gr ocess P whether both J%puts should lge fhcluded in the mo Q, e Inputs are phys?ca]ly

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.

[00124] 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
C correlation between one of these measurements and the rest of the dataset. Then

the one with the higher cross correlation should be included.

3) Identifving & Handling Saturated Variables

[06125]  Refining and chemical processes often run against hard and soft
constrainis resulting in safurated values and "Bad Values" for the model inputs.
Common constraints are: instrument transmitter high and low ranges, analyzer
ranges, maximum and minimum control valve positions, and process control

application output limits. Inputs can fall into several categories with regard to



operator is nost famliar with. The exception to this rule is when the raw
Tnputs nust be mathematically transforned in order to inprove the
correlation structure of the data for the nodel. In that case the

t ransf or ned warioednze298houl d be included in the nodel but PEHUSIORHOREHH
measurenent. [00145] Physical redundancy-3%-very inportant for providing
cross validation information in the nodel. As a general rule, raw
measurenents, which are physically redundant shoul d be included in the
nodel . Wien t Ratetionevhbichaeguire speatabhandlingwhscprerprogessingdhea inpuss dotlenent s,
t hese neasurenents st.be specially.scaled.so as t,o prevent themfrom
over whel mi ng WE@%N@%%&%@@%‘%’P@E@%@@W 5/ 032093 - 41-
principle components (see the section on variable scaling). A commpn process
exanpl e occurs fromthe | arge nunber of thernocouples that are placed in
reactors to cBadiValsest or runaways. [00146] When mining a very |large

dat abase, the devel oper can identify the redundant nmeasurenents by doing a

measur oment . pIGEET R E RO Fistomonts @ P el BB Picanove . o5)
shoul d be i ndihehatets), s&&emﬁegc&xpo&hfﬁééraﬁlge OPWsdli?}artei‘éasﬁﬂ:her physi cal l'y

redundant or cal cul ational l'y redundant. H storical Data Collection
[00147] A significant effort.in the devel opnent lies in creating a good

training data set, whigchnqi to contain .all.p of n I ocess
operations. This data .getr[I hgﬁgﬁﬁ%g.grﬁcgﬁlwﬁ%ﬁlalgoklﬁg%g%;mgeo%’etggﬂeﬁ% range:
Dat asets, which span smaldynpaftes Of the operating range, are conposed
nostly of noise. The range of the data conpared to the range of the data
during steady state operations is a good - indication of the quality of the
i nflormation in the dates&he chifidutidh witicthedeeld hhs hesmimiokemer at i ng nodes
(i ncludi ng seasonal node variations). Each operating node may have
different correlation structures. Unless the patterns, which characteri ze
the operating[@pdg] arwhearitieest fisd dnditiRleeout, Bessrodamndatelsypran at i ng
nodes wi I | appear as abnormal operations.

could be configured on an individual measurement basis to either assign a

special code to the value for that measurement to indicate that the measurcmeiﬁt
is a Bad Value, or to maintain the last good value of the measurement. Thése; . J?
values will then propagate throughout any calculations performed on the prpéess
control system. When the "last good value" option has been configured, th15 can
lead to erroneous calculations that are difficult to detect and exclude. Typically
when the "Bad Value" code is propagated through the system, all calculations

which depend on the bad measurement will be flagged bad as well. :
[00128] Regardiess of the option configured on the process control systém:,

those time periods, which include Bad Values should not be included in traini;lg

or test data sets. The developer needs to identify which option has been

Ea S

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 selected on the process control system.



[00150] Only include normal operating data: |f strong abnormal operating
data is included in the training data, the nodel will m stakenly nodel these
abnornmal operations as normal operations. Consequently, when the nodel is

| at er conpar esotwsazs2gbnor mal operation, it nmay not detectpdigszadneioonl ity
operations. WD 2006/ 029290 PC | US2005/ 032993 -42 [001511 Hi story shoul d be
as simlar as possible to the data used in the on- line system The online
systemw || be providing spot values at a frequency fast enough to detect
the abnormal q08129] FoThesennputspwhichedé nomoplhndad Nehiecfor extepsivatingns t hi s
sanpling frequency will be around one mnute. Wthin the Ilimtations of the
data histori ammﬂé%sh(}‘%qlhﬂﬁ@]@d@@ﬁ?ﬁbﬁbpdn -as equi val ent to one- mnute
spot val ues as possible. [00152] The strategy for data collection is to
start with a long operating history (usually in the range of 9 nonths to 18
mont hs), then Cangtramed Siaviabldshose tinme periods w th obvious or documented
abnormal events. By using such a ~- long tine period, the smaller abnornal
events will not appear with sufficient strength in the training data set to
si gni fi cantly [pof30)enceohfitnind®agiablar28Bh& Wherethé nRaSiRincAfis®demeshoul d
have occurred and will be represented in the data. A Historical Data

Col | ecti on | sdinsis, antl)thiSaheasGromen switches@n acte] fBkedhenndifien (asioppbsattbabases
use data conpressiqn t jnimze the  storage requj renents.faqr, the data.

Unf or t unat el y,WHase glep‘fﬂg‘é?nil%sed apfted; 1o the maxpaum Qg Ppblﬁn&ttq%ﬁjé@ ure of the

Shoui o be'  ur TP BNOANEES 18Rl pal Ve R BRI TER bGP biska o

model s shoul d eubfer kévessi ratisgHgconpr essed data whenever possible. Averaged
vald.J.es shoul d not be used unless they are the only data :

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

of selected model statistics

s The process control system is designed to drive the process
apainst process operating limits, for example product spec limits.
C These constraints typically fall into two categories: - those;
which are occasionally saturated and those, which are normally
saturated, Those inputs, which are normally saturated, should be
excluded from the model. Those inputs, which are only
occasionally saturated (for example less than 10% of the time)
can be included in the model however, they should be scaled

based on the time periods when they are not saturated.



avai l able, and then with the shortest data average avail able. WO 2006/ 029290
PCT11JS20051032093 -43- 2) Length of Data Hi story [001541 For the nodel to
properly represent the normal process patterns, the training data set needs
t o have exanpwesowfozed t he normal operating nodes, nor mapcRESHEI3NE3
changes and changes and normal m nor distgybances that the process
experiences. This is acconplished by using data fromover a |l ong period of
process operations (e.g. 9 -18 nonths). In particular, the differences anong
seasonal oper @.i dnput(feon Prgeess Wonerol Abplitatfond Wi nter) can be very
significant wth refinery and chem cal processes. 1001551 Sonetines these

| ong stretches of data are not yet available (e.g. after a turnaround or

ot her si gnifiqemrtslr]ecwﬁéﬁwcaédmn@_i applicaioAs Rede LMtyi@iifitant effect hiege cases
t he nodel woul'd start with a short initial set of training data (e.g. 6
weeks) then t kerrelationistrychizt abthe precass dataddu padiculart her data is col |l ected
and the nodel updated nonthly until the nodels are stabilized (e.g. the
nodel coefficients don't change with the addition of new data) 3)
"Ancillary Historical atfhelv@fafiéd ol benttslleidorgiables iRsibnidicantly iatused 86 this
time period should also be collected. This will be used to designate
operating time periods athaimmoremgnt irothe contrpledvanablesisquinarilyecisel node

t hat needs to be excluded fromthe training dataset. ILn particular, _, :
i nportant historical abn%ﬁt?@/‘gﬁf%{’ﬂ%ﬁh@ P§%@€%W %Fﬂ"redﬁpcqsﬁi‘é%g?%’g@tto act
as test cases for the no S . ac |, 5 r | story

[ 00157] Oten setpoints gﬁ %%1#'?51‘1 ﬁgﬁﬁigﬁﬁgﬂgﬁggﬁgﬁ%ﬁgﬁ%ﬁ@gd in the

plant process data hi stﬁitbﬂmnaﬂy&h@fédzmbb@&a%g%ﬁﬁ%gvcﬁaﬁgﬁgq&guI d
[ lately begin at the start Of the project. 20061029290

PCN_US20051 032093 -44- SyipGimds.ati ng Modes [00158] O d data that no | onger
properly represents the current process

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

[00132]  The normal operations of refinery and chemical processes are
usually controlled by two different types of control structures: the classical
control cascades (shown in Figure 6) and the more recent multivariable

constraint controllers, MVCC (shown in Figure 7).
C 1) Selecting model inputs from cascade structures

[00133]  Figure 6 shows a typical "cascade" process conirol application,

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

(the "PVs" in this figure ) and the final output to the field valve.

[00134]  Although it is a very important measurement, the PV of the nltimate
primary of the cascade control structure is a poor candidate for inclusion in the

~model, This measurement usually has very limited movement since the



operations should be renoved fromthe training data set. After a major
process nodification, the training data and PCA nodel may need to be
rebuilt from scratch. If a particular type of operation is no | onger being
done, all datveo tovenz92¢chat operati on shoul d be renoved fromga:ztosasisng dat a
Sset. [001591 Qperating | ogs should be useggto identify when the process was
run under different operating nodes. These different nbdes nay require
separate ~- nodels. Were the nodel is intended to cover several operating
nmodes, the nuobpctiod of irmontrol stridieretis & keéapothitamessererhentrat decdetpyint, at i ng
nodel should be approximately equivalent. 6) Sanpling Rate [001601 The
devel oper shodbgreganhe meesmens inthnP Noijhe phuals prignary ifids sEPOIIHS site' s
process historjan r ef.er abl et.tin i Nt e ot ~val ues,. this is
ot avai I abl ochprkediod i BShalds wtrBiheRl o i FoeBRE bR dShrighilordpdy
averaging sh : : S8R c‘ﬁéﬁf? e nelle t 11
Quality masu?%ﬁ?ﬁﬁ?&%‘r@%ﬁd Iabtsggﬁrrpl e )0%%5?/% a nﬂgﬁ% %#g}\%gg&sarrpl e
frequency t hatheobodel tprohemsterivedbeidsapatian. r angi ng fromtens of mnutes to
daily. In order to include these neasurenents in the nodel a continuous
estimate of these quality neasurenents needs to be constructed. Figure 8

- shows the onl ijo@1353! cuBedausd oPthiRdiFAMIty IS rdbiaiditgy tHRSdatAPitearn Fousiings ame
nodel structure should be created and applied to the historical data.” This
qual i ty est i nmitom changeh i thesstrioin dfrtbmuﬁ:lmﬁtopnmry;v@em&@eip.eram 128K€1029290
PCTNS20051032093 - 45 %) l\/bdﬁi( Tri ggered Data Annotation %0016 1 Except
for very obvi HU8 SeIBRAMT mave; itas] %lwéog &4 Sjgficanidnerepsein thasam afs diffi cul t

to detern ne. ' . o] r.at s jg ' ._nodel .
oo’ ey PO SR AR AR b
tolsone degr eehd fepdiRESH the uRtfmeRYpIRAaryis a’éﬂi@diﬂﬁﬂetﬁ@%‘ér%tﬁgkhtﬁ‘wﬁe%ﬁtr alning
data set. The nodel built fromhistofical data thal predates the start of
the project sugresséon"eFerabesenihe wpstadqri chiangessm wltimate prjoaty satpoifihdhé niti al

trai ni ng dat aset . .. . .
J §lcn:n:n:vn event suppression" logic will automatically remove its effect from the

SPE calculation.

[00136]  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
setpoint change thus if the setpoint change is from 10 to 11, when the PV

C reaches 10.95)

[00137]  There may also be measurements that are very strongly correlated
(for example greater than .95 correlation coefficient) with the PV of the Ultimate
Primary, for example redundant thermocouples located near a temperature
measurement used as a PV for an Ultimate Primary. These redundant
measurements should be treated in the identical manner that is chosen for the PV

of the Ultimate Primary.

[00138]  Cascade siructures can have setpoint limits on each secondary and

can have output limits on the signal to the field control valve. It is important to



shoul d be replaced with a dataset, which contains high quality annotations
of the process conditions, which occur during the project life. 0 [001l. 63)
The nodel devel opnent strategy is to start with an initial "rough" nodel

(t he consequewoeowmfoeedguest i onabl e trai ning data set) thenptsggszbhédmspisiel to
trigger the gathering of a high quality tgaiLning data set. As the nodel is
used to nonitor the process, annotations and data will be gathered on
normal operations, special operations, and abnormal operations. Anytine the
nmodel fl ags ahealbtherstaths ofthesd potentisllecoratraimedwiperatiens to seeniisethel thy t he
nodel, the cause and duration of the eyent is annotated. In this way

f eedback on t fBeaspisaant gssogiated yithg seneatdias been ppesateddn girongiraisadcan be

[ ted in th t kal,ni dat a, hi ta i h d.tg i th
model i ch eeeee e bRl B Bighen AT Yhfennle bEE eI SRARR, IR 2 i ng
data. This broaffg thésc/ AR biddiold\honlPatfibelfregal | sfactory. N Data &

Process Analysis A 1Initial Rough Data Analysis [001641 Using the operating
| ogs and exami ning the process key performance indicators, the historical

data is divid [ neri : F Py peri ods
Wi th no identiTi e /GQ&IM Y‘ﬁ %q{] hl ﬁl%@d%g%@fied

abnor mal oper at i Qignimillers. MEVOTE trai ning data set. WO 20061029290 '
PCT/ US20051032093 -46 |56165| Now each neasurenent needs to be exam ned
over its history to see whether it is a candidate for the training data
set. Measure I C -@p@ I adee cess CHRSR] W g

peri ods of trqnggg:"smBagl al Egﬁowgﬁ(@f%th n‘%ﬁ@ocﬁ%sng pe}\iﬁgl%jlgbagf%ﬂ%ﬁiv%gﬁpegged
to their trandshtvesrcorhingh contrblsirdeture tfer refintpranddhientica procasessy Alni t t | e

varj-ability (except those, which are ,tightlg controlled to their setpoints)
Th£,_e t hat ~ condivhSonssasy® dmemie aasharagtival edebigintedigt hey ghangesin

manipulated variables, MVs, (usually valve positions or setpoints of regulatory

control loops) will change control variables, CVs (the dependent temperatures,
pressures, compositions and flows which measure the process state). An MVCC
attempts to push the process operation against operating limits. These limits can
be either MV limits or CV limits and are determined by an external optimizer.
The number of Hiits that the process operates against will be equal to the
number of MVs the controller is allowed to manipulate minus the number of
material balances controlled. So if an MVCC has 12 MVs, 30 CVs and 2 levels
then the process will be operated against 10 limits. An MVCC will also predict
C _ the effect of measured load disturbances on the process and compensate for these
| load disturbances (known as feedforward variables, FF).

[00140]  Whether or not a raw MV or CV is a good candidate for inclusion in
the PCA model depends on the percentage of time that MV or CV is held against
its opérating limit by the MVCC. As discussed in the Constrained Variables
section, raw vatiables 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.



their operating range Those that show little or no cross correlation with
any other neasurenents in the data set Those with poor signal to noise
rati os [00166] Wiile exam ning the data, those tinme periods where

measur enent s weos9@ | y i ndi cating "Bad Val ue" or are br@w &%(% ed to
their transmtter high or lowlimts shogdd al so be exclu zf] f Once
t hese excl usi ons have been made the first rough PCA nodel should be built.
Since this is going to be a very rough nodel the exact number of principal
conponents t o (#0418t ai g unSoRtiainddIdM R setpdihiStod tebulaydtyGokiry E@p, @gound
5% of the nunber neasurenents included in the nodel. The nunber of” " PCs
shoul d ul t i masetpyintrshaild motbe indhatedpinsttad themeasurementiofithatreghlatgyocess,

however this is nat. usually.kno sj nce t.hig . incl s all _the_ different
sources of pFoEERIJoap § it becaelnderh ke %@§%@é@ﬁgﬁs@i‘f¢dﬁmtm hods for
determ ni ng how ,man Ll Rhel pa : 3  nclude. Also at this stage

t he statisticgfguz]stw oHe Foqg%&mgpﬁgﬁggggﬁﬁlﬁ%dshouI d be used: scale all

vari abl es to yglif42yar i BAaSmcNRMARHIIRORUI Bl kb TR LRI PRFtiof theh & = (X -
Xavg) 16 Equawuon [001681&%1e traini ng d%aa[ set shoul d%%ow be run through
thi s prelim nakould bodedludal indkemddel.t i me peri ods where the data does not

mat ch the nodel. These tine periods should be exam ned to see whet her an
abnormal event was occurring at the tinme. If this is judged to be the case,
then these ti e Rediafis: Mshayldnadiso be flagged as tines with ] nown abnornal
events occurring. These tine periods should be excluded fromthe training
data set and the nodel rebuilt wth the nodified data. B. Renpbving Qutliers
and Periods ofg{ag ”a"I']Q)ﬁbééésQﬁﬁtrbp @&dﬁaﬁﬁﬁe@%ﬁﬁﬁ%@&‘ﬂgﬁﬁcaﬁ?nor”ﬁ'
events wl | bl don]e t hrough the fol%vm ng: Renovi ng docurmented events. It

i s{very rare tahindueyamongptietandidateridpat intodhe oFomuakel. €etyphioBt ory at a

site. However, significant qQperatin robl ens_shoul d .
redsungancy 18 q‘pﬁymgzﬁ e und%ngy“, here 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 afe mathematically combined into new variables (e.g,
pressure compensated temperatures or mass flows calculated from volumetric

flow measurements).

[00144]  As a general rule, both the raw measurement and an input which is
calculated from that measurement should not be inclnded in the model. The
general preference is to include the version of the measurement that the process

C- g operator is most familiar with. The exception to this rule is when the raw inputs
must be mathematically transformed in order to improve the correlation structure
of the data for the model. In that case the transformed variable should be

included in the model but not the raw measurement.

[00145]  Physical redundancy is very important for providing cross validation
information in the model. As a general rule, raw measurements, which are
physically redundant should be included in the model. When there are a large
mumber of physically redundant measurements, these measurements must be

specially scaled so as to prevent them from overwhelming the selection of



be docunented in operating records such as operator |ogs, operator change
fournals, alarmjournals, and instrunment mai ntenance records. These are only
providing a partial record of the abnormal event history. Renoving tine

peri ods wher rmance indicators, KPls, are abnornal. Such
r‘reasurerrentsqgggyogg?zélgt es, product rates,, product qualit;@%&ew3key
performance indicators. Each process opef’&ii'on may have additional KPIs that
are specific to the unit. Careful exam nation of this |limted set of

measur enent s ' | i r i ndi i.on pey i f nar mal
oper ati ons. Fip@i&#@l@%@gﬁgﬁg(ﬁag%%e%g%ngﬁ q}gﬁage_scggtﬁ@é 4 ﬁgﬂlg%oglr%ft%??ﬁg goal
for this KPI iegafnBldGocufl £68m the larkd AualRf 8f tHREMBESIpIESth@e Hlddiisn KP! s | ow
are likely abnornmal operations. rocess qualities are often the easiest

KPl's to anal yzeactdmde catich requtormmawey2005/ 029290 PCT/ US2005/ 032093 - 48
operation is against a specification limt and they are | ess sensitive to
normal feed rate variations. C. Conpensating brNoise [00170] By noi se we
are referring[0d146)e hindenfhidnes CErchnieditatke the develaper @nddéntifygieal whi ch
does not contain useful information about the rocess. Noi se can be caused
by specific predesientmeaiuremasts dycioing acmsswaastation icaloudationssneng &t of i ce

| ate or turbu] ence.in the |l eyel. Noise can be caused by. electrical

!Onduct ance. H&ﬁ%%ﬁ}éﬂg?&ﬂ%cﬁﬁqseﬁ%é@nvﬁmw1 &V ERpOStaused by
roce di stur irg. USEe j r i . S i out .
PhOSSSs o LoBARRAT (oraEhite AANE TS LORIAREABIMA Blacifedd LEERE

chem cal procegéh pEipayERNR P sicAE R setRITBA orRlditRicaRTy e¥Ramant i al | y

correl ated continuous noi se. "Wth” neasurenent spikes, the signal junps by an
unreasonably | arge ambunt for a short nunber of sanples before returning to
a (val ue near 1igt SEHRMEY! +io¥pi se spi kes are renoved using a

trag'i tional sglke}ﬂé@%%?ijaoﬁn@foﬁe?é@?such as the Union filter. [00172] The
anount of noise in the signal can be quantified by a nmeasure known as the

signal to noi io =L Our ). LSafl | io of the
anount of si gig?i@r i a%ﬁsﬁ?%l gb%&e&{%?%lrtgggégdéépgﬁqégﬁﬂtcgéatt%lgeaa@?gnt of
si gnal training data set, which is known to contain all modes of normal process

operétions. This data set should:

[00148]  Span the normal operating range: Datasets, which span small parts
of the operating range, are composed mostly of noise. The range of the data
compared to the range of the data during steady state operations is a good
indication of the quality of the information in the dataset.

( _ 1001491  Include all normal operating modes (including seasonal mode
variations). Bach operating mode may have different correlation structures.
Unless the patterns, which characterize the operating mode, are captured by the

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

[00150]  Only include normal operating data: If strong abnormal operating
data is included in the training data, the mode! will mistakenly model these
abnormal operations as normal operations. Consequently, when the model is
later compared to an abnormal operation, it may not detect the abnormality

operations,



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 nodel's effectiveness. [00173] Wenever the devel oper encounters a
signal with svgoedsiozeemi noi se, he needs to nmake one of th{@@%@b@}ogﬁgs In
order of preference, these are: Fix the gignal by renoving the source of
the noise (the best answer) WO 20061029290 PCT/ US20051032093 -49 Renove /
mnimze the noise through filtering techniques Excl ude the signal from
the nodel [ OOMUABITY iRy shévid beSsatBilar bspsskibielo fhe Jath ased iatthesnbet ween
2 and 4, the exponentially correlated continuous noise can be renoved with
a traditi onal iheosystqpasEhd onlinersysiguhwill bapravigiogepot edluds dttactrequbhey Bagbiat i ons
for the exponential fjilter re: Y= P * Y'1+(1-P) * x0 ExpqQnential filter
equati on Equatd®ighdo detect negpakavent. fPéFo’é‘m@“ﬁﬁ?%u@HgéﬂaﬁﬁP@WaEquat ion 9
Ynis the curr ] ed v Y revi fi : X' is the
current raw vgﬁﬁr@ﬂ@l‘%t@%%g@i%?ﬁ%ekg an?gfo ﬂ@(@?@?f#ﬁ eﬁgﬁlﬁg&sa.ﬁpl e tine
of the neasurgpmations of fheldat hiblokiah, the RitiAL dh@kho a3 eqRigHl@itto Whéh very
poor signal to noise ratios (for exanple leSs than 2) may not be

suf ficiently migrtegpot vajudsidstpossibly. t echni ques 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 do-sensitize the nodel by significantly increasing

the size of [ged53ral iThe furedpdfof Uxpicotibtion t@ sfattolith ailong bperbtinge of 2 -

10). D. Transfornmed Variabl es [00176] Transformed variables should be
i ncl uded i n thistorpesuallyin theorangé of 8 meorths teafomenths), then try 1o remove those

time periods with obvious or documented abnormal events. By using such a

(-- long time period,

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

model parameters

» most operating modes should have occurred and will be

represented in the data.

A. Historical Data Collection Issues

1) Data Compression

[00153] Many historical databases use data compression to minimize the
storage requirements for the data. Unfortunately, this practice can disrupt the
correlation structure of the data. At the beginning of the project the data
corapression 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 vsed unless they are the only data

available, and then with the shortest data average available.



[00177] First, based on an engineering analysis of the specific equipnent
and process chem stry, known non-linearities in the process should be
transfornmed WO 20061029290 PCT[ C1S20051032093 -50 and included in the
Jodel . Si ncewarmesizotdoe assunptions .of PCA is that the vagraBlwesodzst he
model are linearly correl ated, significagh.process or equipment
non-linearities will break down this correlation structure and show up as a
deviation fromthe nodel. This will affect the usable range of the nodel.

[00178] Exanml)esLedfgtivef DaknHitorgon- | i near transfornms are: Reflux to feed
ratio in distillation colums Log of conposition in high purity
distillation Pressure conpensated tenperature neasurenent Si destream

yield Flow tigoysdjve Pefilid @8ddlfth @%;%ﬂ%)re;gﬁ@@ﬁ&h@ﬁoﬁﬁl%rb&s@ RIS the!
t enperature change [00179] Second, the"data from process probl ens,” which

have occur r edraihingtdats sedinegds vk éxamples bf ab thaiorenh] toperatidgnaodasd how t hese

probl enms show up _in the process neasurenents. For,k exanple, the relationship
bet ween t owerncyE1a] apeTaHBE § ges Aud Pt pgrm@uatnw@rsm%m@érthﬁﬁbw t he

fl oodi ng point is_reached n.the d r Ll | increase. .
exponenti ol | yproety eaPisstirsy KBRds perarilishit BY SR i trom o 0878 peried

| i near correlgtyi : es d ' uded.
As anot her exo;ftrﬁgﬁﬁss ?g%ﬂaalngg% E‘?;?%(F)yw E%g{)uﬁg%z %ﬂaﬁﬁgp ?@%},%‘Biﬁggéerﬁmféﬁ a{}tdg@ delta
pressures in schsoral eperhtiond (speng,Summert, &dblaraf winted) edit bg vehesighiSiohng e
pressure nmeasurenents in the nodel, the delta pressures should be

cal cul at ed aﬁﬂﬂhﬁ@hUﬂﬁéﬂdCE@nEwhEﬁmﬁﬁﬂﬁansfornations [00180] Figure |1 shows
how t he process dynam cs can disrupt the correlation between the current
val.ues of two neasurenents. During the WO 20061029290 PCTI US2005/ 032093 -51
t r(alnsi tion ti[@815¥e vaﬂEﬁimsdhnsstglmg styetchearedidaty ash inbtyetrevadableegs not, so

there is after a turnaround or other significant reconfiguration of the process equipment).
In these cases the model would start with a short initial set of training data (e.g.
6 weeks) then the training dataset is expanded as further data is collected and the
model updated monthly until the models are stabilized (e.g. the model

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

3) * Ancillary Historical Data

[00156]  The various operating journals for this time period should also be

collected. This will be used to designate operating time periods as abniormal, 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

[00157]  Ofien setpoints and controller oufputs are not historized in the plant
process data historian. Historization of these values should immediately begin at
the start of the project.



no correlation between the current values during the transition. However
‘these two neasurenents can be brought back into tinme synchronizati on by
transform ng the | eading variable using a dynam c transfer function. Usually
.a first ordwo2eesidredeadt i me dynami ¢ model (shown in Equaié’ﬂﬂszaoéfdgz&fs‘e
Laplace” transformformat) is sufficienig4Q time synchronize the data. Y,(s)
= e - es Y(s) Equation 9 Ts+1 Y - raw data Y- tine synchronized data T
-time constant 0 - deadtine S - Laplace Transform paraneter [00181] This
technique is nlmm_ﬁ%g&d@%n there is a significant dynam c separation

bet ween vari ables used in the nodel. Usually only 1-2% of the variables
requires this treatnment. This will be true for those i ndependent vari ables
such as set pqj whi 1] AsEfts $heé pperator and
for the neasg(r)g‘rr% ts %%5%&@{%&1 firiggﬁ;ﬁ I};]regps?@gam g@%&%g&%sﬁ process .
uni ts bei ng ropdestieds shouldRbersmogedfronsibe t@Eng datageRoAlier & dRj&Ajrotesst i nuous
refining and chem cal processes_are constanh!gﬁ/mbei ng. noved from one

operating poimadifieatinse thecrainingedata sadhPod Mo ppaAed todrebuilti&omoper at or or
an optim zation,pragram.,akes chapges to a k set.poi nt.,s, o he can be
e Lo o ow sPaid S maHiRlnnEe o Speration B nger b ot 2, detiirom o

deacti vati on. f | I L.Qnary. These operating
poi nt WO 200%@%@%@%%@%@?@?@3%%%?%%@?%éged to be renoved to
create a stationary dataset. O herwi se these changes erroneously appear as
abnormal events. 9a001831 The process neasurenents are transfornmed to

S:

devi ati on var0@kd Operating legs should ke wsdite ideniidy adendbeprucessgvaciunt . Thi s

e o b By S e R R RS ok e "

models. Where the model is intended to cover several operating modes, the
number of samples in the training dataset from each operating model should be

approximately equivalent,

6) Sampling Rate

[00160] The developer should gather several months of process data using
the site's process historian, preferably getting one minute spot values. If this is
not available, the highest resolution data, with the least amount of averaging
should be used.

- 7) Infrequently Sampled Measurements

[00161]  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 § shows .the online calculation of a continuous quality estimate. This
same mode] structure should be created and applied to the historical data. This
quality estimate then becomes the input into the PCA model.



_event detection. This is done by subtracting the exponentially filtered
“value (see Equations 8 and 9 for exponential filter equations) of a
measurenent fromits raw value and using this difference in the nodel. X =
X - Xfineredveqeaiesase 10 X - neasurenent transforned to pakpsesdRRALI NG
poi nt changes X - original raw neasurenggt Xfi @red - exponentially filtered
raw nmeasurenent 1001841 The tine constant for the exponential filter should
be about the sanme size as the ngjor tinme constant of the process. Oten a
tinme constan@)ofMadﬂgﬁg%eﬂéHDhﬁ%mﬁ)taﬁdﬂ be adequate. The consequence of
this transformation is that the 1nputs to the PCA nodel are a neasurenent
of the recent change of the process fromthe noving average operating

poi nt. [0018 or @P@éﬁr i f T HRtoti ta

shoul d be ggmieﬁrzéd gtBk(t:ét?gfsarrp g@?ﬁ%ﬁﬁ%‘i@@ﬁ?@’%%ﬁﬁ t he tgfﬁ?iﬁidﬁ% system
of ten every isdiffitwlt oo déterghime, Theiisclusibh of ebrormal operatihg detangniias 160

sanpl es for each neasurenent to cover one year of operating data. Once this
t r ansf or mat i ¢ededs The sbateguof usiagdarge quantiispf distordca! slatanwilbeompengete down to

bl mb f Dl ically-in t . f .30,000 t
50,000 samp! 46 0B ASHE 1ho Bdi Pes Fained HBisRusnty sbetaline R pRoITAR, | on
00186] On eﬂf'eﬁx% kg 'E’mhl RS i ni
Ejata s]et hgg S%tgen uﬁp{ﬂllﬁ? e m)gfe:sl cand%%%@aﬁg%ﬂ%@gpgtﬁjg%%;%m "
tools. A Scahisibe ﬂedﬁrithtsasliieﬁi;&iltoﬁb%l@myt arhgeinitil abirepdamsal s i s

dependent on the scaling of the inputs. e traditional approach to scaling
is to divide shawald berrpplaced withs datasst avkich dentatnsibigh q@slityianhotationseof thai ni ng

data set. X; = X, [/ a,. . Equatiqn 11 [00188] For i.npput sets that contain a
| ar.ge nunber %90%%59@%}“9‘%@%{ &hpccuﬁémg%‘ﬂeﬂ'gh as nultiple tenperature
asurenents of fixed catalyst reactor beds) this approach is nodified to

further divide the neasurenent by the ] ) .
[00163]  The model development strategy is to start with an initial "rough"

model (the consequence of a questionable training data set) then use the model
to trigger the gathering of a high quality iraining 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
C continue to gather beiter quality training data. This process is repeated until the

model is satisfactory.

IV. Data & Process Analysis
A.  Initial Rough Data Analysis

[00164]  Using the operating logs and examining the process key
performance indicators, the historical data is divided into periods with known
abnormal operations and periods with no identified abnormal operations. The

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



square root of the nunber of nearly identical neasurenents. For redundant

“data groups Xi' = X1/ (6; * sgrt(N)) Equation 12 Were N = nunber of

inputs in redundant data group 1 [00189] These traditional approaches can be
i nappr opr i atveo t@soneasur enents  from conti nuous refini ng pefidiBieTsHH

“ processes. Because the process is usuallgg. well controlled at specified

operating points, the data distribution is a conbination of data from

steady state operations and data from "di sturbed" and operating point

change oper ajgga6s} Thas® efc meddurémbBitvRedy &y beyexamined svanitehigtorgevieet i ons
from the preponderance of steady state operation data. The resulting PCA
nodel wi || bwhetheritds o otnydidatadon thedraining data set. oMepsiereatshichehaid i n t he
process measurem%n s, WD 2006/ 029290 PCT/ US20051032093 -54 [00190] For
conti nuous r W%? B chemi cal processes, the scaling should be based on
the degree of variability that occurs during normal process disturbances or
during operating point A883h : 1ebdaity that occurs
during conti nuous stgady State %%éygﬁ%ﬁg?&%g{ﬁﬁ%?%saﬁd?ﬁwgonstrai ned

vari ables, there are twy different ways ofq&eterm ning the scaling, factor.

[001911 First is to i*dehkoseywith manydengperioysafdme,peggadtadhemiran ¥ unni ng
at steady state, but al.so _not. experiencing a significant abnor mal

event. A limted nunb\é\ﬁisggforjr%‘ggﬁ?%srmnts act as the key indicators of steady
state C operations. These are typically the process key perfornmance

i ndi cators and usualsl yTheowe, wdéch shevwpvargditic vavability @xcepichgzepwthich are
production rates and the roduct quality. These key neasures are used to
segnent the operations nghtﬁrcmqlbaéoaxemmmnwéteady state, operations,
normal |y di sturbed operations, and abnormal operations. The standard

dgviation fromthe tigrerper : i : ' rovi des a
g;(o'd scaling factor f.or n@%tﬂgﬁco@%%ﬂ%%%%@ﬂf@ﬁ%ﬁ?@?ﬁ&iﬁlﬁﬁ?fgﬁnati ve
approach to explicitly ﬁl@ﬁcdﬂeﬁth@g-aﬁgge scal i ng based on

o Those that show litfle or no cross correlation with any other

measurements in the data set

¢ Those with poor signal to noise ratios

[00166]  While examining the data, those time periods where measurements
are briefly indicating "Bad Value" or are briefly pegged to their transmiiter high

or low limits should also be excluded.

TN

[00167]  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
aronnd 5% of the number measurements included in the model. The number of
PCs should ultimately match the number of degrees of freedom in the process,
however this is not usually known since this includes all the different sources of
process disturbances. There are several standard methods for determining how
many principal components o include. Also at this stage the statistical approach

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



di sturbed operations is to use the entire training data set as follows. The
Scaling factor can be approxi mated by | ooking at the data distribuion
outside of 3 C.. standard deviations fromthe nmean. For exanple, 99.7% of

t he data shoukd 2606®29290M t hin 3 standard deviations of the prEaRaR@siobat
99.99% of the data should lie, wthin 4 gjandard deviations of the nean.
The span of data val ues between 99.7% and 99.99% from the nean can act as
an approxi mation for the standard deviation of the "disturbed" data in the
data set. See Figyie 12..100193] Finally, if a neasurenent i

constrai ned (see é‘é&’s&[mlilﬁ on saturated variables) onl ;E@E%tg%h ?i me
peri ods where the variable is unconstrained should be used for calculating
t he standard devi ation used as the scaling factor. WO 2006/ 029290

Lo010a] pea + AOKGSL, Tt walbiisbied ot AGuIMIRE be o Firb 8 B pERIRRS™ ©
i ndependent Vafd@gd 'tt?ﬁieﬁﬁ_f)} ﬁl?le?'ei‘iﬂﬁé RRbreGREHLMRATHES nof &a&dg@% !ihcﬂfeﬁ Thegar

conbi nations of the origi'nal variables (Equation 13).

1 ¥ X +AL, 2* X2 titne perials, shouldcheadxianmiial tos26 WEthethna gbnommsisevent wahave a nunber
of degrees of freedom which _represent the s ecifi&@i ndependent  effects
that i nfl uenc@ceysingadshesime:hictius is gudeed te be theersscihgatheseftimeperiadsow up in
t he process daja.,as,pr,0cgess wvariation., Process variation can. be.due
ntenti onal cRAHaLIBIRE AR et s o Fih ki BBonsfHt i defiiipdancte
di st ur bances, t@‘xlﬁgbrﬁﬁi %ﬂ‘giglgr]{,eéx% A3 BheViib Bl el inci pal
conponent nodel's parst of the plrﬂoac%:ess v%ﬁ%&?ﬁ%@hg‘g‘%gggﬁ%y tﬁfgggﬁﬂﬁ

di fferent i ndedginhemhodificd defaces on t he process. The princi pal conponents
are extracted in the direction of decreasing variation in the data set,

w fh each subsequent princi pal conponent nodeling | ess and | ess of the

process vari @i |IRdnbvirg Qﬂil{ekscéﬁﬂPEﬁbMﬁﬂ%nd%ﬁz&PQﬁP&ﬁor{sepr?Sent a
significant source of process variation, for exanple the first principal
conponent usually represents the effect of feed rate changes since this is

usual l'y the S?wd@?ﬂgg W@;‘Aaﬁ- %bioueragﬁm%@%ﬁu ¥ doHeThrRgh The D€

devel oper nus ‘h& proces
following:

to

Removing documented events. 1t is very rare to have a complete record of the
abnormal event history at a site, However, significant operating problems should
be documented in operating records such as operator logs, operaior change
journals, alarm journals, and instrument maintenance records. These are only

providing a partial record of the abnormal event history.

Removing time periods where key performance indicators, KPIs, are abnormal.
Such measurements as feed rates, product rates, product quality are common key
performance indicators. Each process operation may have additional XPIs that
are specific to the unit. Careful examination of this limited set of measurements
will usuaily give a clear indication of periods of abnormal operations. Figure 9
shows a histogram of a KPI. Since the operating goal for this XPI 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



variation nodel ed by the principal conponents no |onger represents an

i ndependent source of process variation. [00197] The engi neering approach to
sel ecting the correct nunber of principal conponents is to stop when the
groups of varwadoegozemi ch are the primary contributors tpc.hggzopgfésﬁ@:‘pal
conponent no | onger nake engi neering sengg. The primary calse 0

process variation nodeled by a PCis identified by |ooking at the
coefficients, Ain, of the original variables (which are called WO
20061029290 - Yperafien i iadits hApROIRBatib BN the BRSesCRakitiveits Rbfmalwhi ch are
relatively large in magnitude, are the major contributors to a particular
PC. Soneone wif¢dd mtegenhtionsler st andi ng of the process should be able to | ook
at the group of variables, which are the major contributors to a PC and
assign a nane ( drate effect) to that PC. As nore and nore PCs are
extracted frof.tKeommpnsgtingiordirsd i ci ents becone nore equal in size. At
this point the variation being nodeled by a particular PCis primarily

noi se. [00198] The traditional statistical method for determ ning when the
PC is just mjg@l70hg rBy aeistwd arcirefenting to thisduglt frequumoyesatentof thici on bei ng
nodel ed with C each new PC beconmes constant,. This is neasured by the PRESS

statistic, whikggsugsmsntsighel whishsloesnoteontain usefubindermaation ahong esuccessi ve
PC (Figure 13). Unfgortunately thi,s test.ds often amhi guous far PCA nodel s
fovel opad on. Prosert SBIsHARR Br st SRbifeTutest FotiBnl St g abeet i g
[ 00199] The p ga%]ao : J 0 } lution.
Consequent |y, T@ﬁﬁ&z?an arrzptgs‘:;trgtgféts?i ca Iﬁe@%gﬁo@%ﬁ@%‘égﬂ??%{égy for
detecting anchhfivalaiduetsacs. Howdvst, aiphifichndprocass waibiiity] perheps @usedsi dual
should not be wused. Instead the trigger point needs to be set enpirically
based on expeby@neesss distusbangesds vedulintiwmatippepdshouldinot ke fijteradeouts i gger

| evel should be set so. that abnormal events would be signaled at a rate
acceptable to the site engineer, typically 5 or 6 tinmes each day. This can
be det er mi ned [68171poki Thpraare tweo SiBEAnsLcse Hipes efianmtdred in mfmingandiat a set

(this is also efera-{ed to as the Qstatistic or the DMODX statjstic). This
_ chemical process measuremenis: measurement spikes and exponentiaily

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

rejection filter such as the Union filter.

[00172]  The amount of noise in the signal can be quantified by a measure
known as the signal to noise ratio (see Figure 10). This is defined as the ratio of
( the amount of signal variability due to process variation to the amount of signal
variability due to high frequency noise. A value below four is a typical value for
indicating that the signal bas substantial noise, and can harm the model's

effectiveness.

[00173] Whenever the developer encounters a signal with significant noise,

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

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

answer)



| evel is set so that real abnormal events will not get m ssed but false
alarnms will not overwhel mthe site engineer. WD 20061029290
PCT11J820051032093 -57- A. Enhancing the Mddel [00201] Once the initial

nodel has beewocaemizeny it needs to be enhanced by creati pgr@siigibsdi Ni ng
data set. This is done by using the nodel 440 nonitor the process. Once the
nodel indicates a potential abnornmal situation, the engineer should
investigate and classify the process situation. The engineer will find

three different situat korﬁemg},éhﬁﬁniﬁﬂ%%ﬁe%ﬂﬁﬁ%%ﬂgﬂ% i's

occurring, an actual abnormal situation is occur rocess i s
normal and it is a false indication. [00202] The new training data set is

made up of data from specﬁﬁdluweﬁg'dapﬁoﬂpm@mﬂal operations. The sane
anal yses as were done to create the initial nodel need to be perfornmed on

the data, and the nodel re-calculated. Wth this new nodel the trigger

l ever will stifpDI™ seilypigailyifonsipyals wuth signal té noise eatiesrbetwesro? ahdd, thet a,
this trigger point can be tuned so,as to only give an jndicatign when a
true abnormal Pepentiply curelated gontizuobs ROBREGREEFINEVMOBENS tradiippalidewaL

the process C RN IRERTchS GPPoRtf aef Tui dafnaB st Slhidliget”

measurements cgates a substantial amount of redundancy in the data from
continuous refining and chem cal processes. This redundancy is called

physi cal redundancy when _identical measurenents are present, and
cal cul ational reddhdaR&YWrdh-MHeX" phxponentia filer equatiosr nec Eguiatian 8
rel ati onshi ps are used to performindependent but equivalent estinates of a

process conditionp Ihi > of nodelg:ni %ﬁtdc Fﬁ"ﬂ” i neerj ‘ dancy
rmo@. WD 2006102 290"B%P:¢;[€Jfg®005103Zog:\l-)rtei?ggﬁlst . 1Two (Er}:gnsi onglaqﬁhgﬂlr?;eri ng
Redundancy Model s

Y"is the current filtered value

Y™ is the previous filtered value
. X" is the current raw value
P is the exponential filter constant
T, is the sample time of the measurement

Tris the filter time constant

[00175]  Signals with very poor signal to noise ratios (for example less fhan
2) may not be sufficiently improved by filtering techniques to be directly
included in the model. If the input is regarded as important, the scaling of the
variable should be set to de-sensitize the model by significantly increasing the
size of the scaling factor (typically by a factor in the range of 2 - 10).

D. Transformed Variables

[00176]  Transformed variables should be included in the model for two

different reasons.

[00177]  First, based on an engineering analysis of the specific equipment and

process chemistry, known non-linearities in the process should be transformed



[00204] This is the sinplest formof the nodel and it has the generic form
F(yi) = Gx). + filtered bias 1 + operator bias + error; Equation 14 raw
bias; = F(y,) - { G(x s) + filtered bias; + operator bias } Equation 15 =
errorl filteredpiodgobidot ered bias ,.1+Nraw bias 1-1 Equati E‘?m%flmsr 2193
convergence factor ( e.g..0001 ) Normal gggratlng range: xmn Xmax
Normal nodel deV| ation: (max error) < erfor < (max_error) ]00205] The
"operator bias" termis updated whenever the operator determ nes that there
has been sone ahp%au&etpﬁtthé?ncgjaosﬂﬁb@.ﬂe@fw Eh@ﬁ@ofmhqbtﬁzﬂwres the
nodel to be shifted. On the operator's comand e operator bias termis
updat ed so t hatribleaid the riddélarelinedrlycordiated, segmﬁeaﬂtq:roees@)ar EQaipafit The
"filtered bias" termupdates continugusl y t o, account for persi st ent
unmeasur ed pr Gesslincsritingwill bmﬂcdﬂvasthﬁw aionedruchyre @hq‘é(ruwas Fodel . The
conver gence f tor " IS s el i te any er5|st after a
user specifie ﬂ%ﬂé&r}m&?ma E]al Wﬁfnﬁﬂ@qtpﬁé‘ %Faélgﬁfc’%gg? %F 0207] The
"normal operating range" and the "normal nodel deviation" are determ ned
fromthe hi storl cal data for the engi neeri nig redundancy nodel. In nost
cases the max [00¥6Y vaExamples of sieldmowipnerslngss ERi%%can al so be a
vector of values that is dependent on the x axis location. [00208] Any two
di mensi onal equation can I i RS Mat eri al bal ances,
ener gy bal ances, esti rrgte 5{?1{2[ ﬁ%fﬁinggﬁld%@%é?ggs actual WD 2006/ 029290

- 59- PCT11J820051032093 anal yzer readi ngs, conpressor curves, etc. Figure
14 shows a two di nensi ®naiog W@ﬂ@}&ﬂsmndﬁgég h pwityobstillatioa case in point the
fl ow versus valve position nodel is explained in greater detail. -4, The

Fl ow versus Val ve Posi}i %moﬂﬁ&%&@At&l%ﬁﬁgmeﬁgdﬁgnﬂ{ uabl e engi neeri ng
red(mdancy nmodel is the flow versus valve position nodel. This nodel is
graphi cal ly shown in Fg@idestteatihdeldparti cul ar form of th| s nmodel is:

o Flow to valve position (Figure 2)

¢ Reaction rate to exponential temperature change

[00179]  Second, the data from process problems, which have occurred
historically, should also be examined to understand how these problems show up
in the process measurements. For example, the relationship between tower delta
pressure and feedrate is relatively linear until the flooding point is reached, when
the delta pressure will increase exponentially. Since tower flooding is picked up
Q by the break in this linear correlation, both delta pressure and feed rate should be
included. As another example, catalyst flow problems can often be seen in the
delta pressures in the transfer line, So instead of including the absolute pressure
measurements in the model, the delta pressures should be calculated and

included.

E.  Dynamic Transformations

[00180]  Figure i1 shows how the process dynamics can disrupt the

correlation between the current values of two measurements. During the



C. Flow + filtered bias + operator bias = Cv (VP) (Delta Pressure / Delta
Pressure a reference) Equation 17 where: Flow neasured flow through a
control valve Delta Pressure = cl osest nmeasured upstream pressure - cl osest
measur ed downwor2eewnzgeoessure Delta Pressurerererence : avep@fgsiond/dsdoos
Pressure during normal operation a : nodek_paraneter fitted to historical
data Cv: valve characteristic curve determned enpirically fromhistori cal
data VP: signal to the control valve (not the actual control valve

posi tion) The teipsRiohitHAs ofé vilak$s emmielintlyrdhahging Wik ioftir 3§ hetk bé thetre ft UCK
control valves Detecting frozen / failed flow neasurenents Detecting

control val ve noperzelation hetween theccursnt 'Vaiueq.sS}TsI@ﬁhBéwsmonoHWthashe flow
WO 20061029290 PCTI US2005/ 032093 Ugg 2111 .This partjcyl arrangenent of
the flow verstWOVRFAFRIeIRENIs pashbe Broughtack infg time aRigaHan PRasons: the x-y

pl ot of thee [M:) e by the
oper at ors. %&foﬁ%&#? g]f?l’uﬁdé{l a@? gﬁgs e%‘gﬁréﬁ%ﬁ‘éﬁcﬁg‘g E%h%%?%nged I n
t he way which o @mbﬁd sgmg{@ﬁ Spidcer s, B.
Devel oni nz thgr%%%gg%t%b%%l ?/g P%SI'[IOI’I del [OoggaZ] BecauseIL of the | ong
periods of st amdyfostmafiemat)ds siffiorent kpmeasyoehtohize thoddtanuous refi ni ng and
chem cal processes, a long historical record (1 to 2 years) may be required
to get sufficient data to %q}anthe operation of the control’ aIv §|gure
15 shows a typicalY§®)ret@h ot Y¥kow, Val ve Position, and Delta ﬁgg re data
with the long periods of guonsfant operation. The first step is to

C Y - raw data
i Y' - time synchronized data
T - time constant
® - deadtime

S - Laplace Transform parameter

[00181]  This technique is only needed when there is a significant dynamic
separation between variables used in the model. Usually only 1-2% of the
variables requires this treatment. This will be true for those independent
variables such as setpoints which are often changed in large steps by the operator
and for the measurements which are significantly upstream of the main process

C amiits being modeled.

F.__Removing Average Operating Point

[00182] 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



isolate the brief tinme periods where there is sone significant variation in
the operation, as shown. This should be then m xed with periods of nornal
operation taken fromvarious periods in history. [00213] Oten, either the
Upst r eam Pr eswarmoqmbroen a punp di scharge) or the Downstrgefu§io@siuss | S
not available. In those cases the m ssingspeasurenent becones a fixed nodel
paraneter in the nodel. If both pressures are mssing then it is inpossible
to include the pressure effect in the nodel. [00214] The val ve

characteri sti chatipesterdiio be rélabb&d td drtatelatstutidnbiydaisey. aDMerwigethege Wi th a
gquadratic valve curve or with a piecew se linear function. The piecew se

|'i near functi ohahgestateongouslyappsartsisabasanalievents t any form of val ve '
characteristic curve. [00215] The theoretical value for "a" is 1/2 if the
measurenents are taken directly across the valve. Rarely are the

measur enent s ({89183Jone@he pesoess ehsudEmEnie atORARIOrmdRoldSAnCARABRS:- 61-
beconmes an enpirically deterni ned paraneter to, account for the actual

posi ti oni ng ofdevigtiopfEers @raoving aveage operatipp poind) Tios fapsioraptionia temoyeyver y

few periods of ,tine with variations in.the, Delta Pressure. . The noise in the
el t & Pr assur 4G BTEAGE PR oS RBIEE foreiied Bhed Girafg FErA Hodclsift aowriab

nodel -fitting « . TO &h%% -8 é’d?%

phases, first %@%@ngﬁélﬁﬁggsf%t, Fg%%@%gh% e{llilr?g?fg{ee?l 0 slh?)ﬁegl ta
Pressure vari dquatiohss ua@9 fopekpdnehntiel Medelquatititd of henqsemine frogependent
paranmeters ("a" and perhaps the nmssing upstream or downstream pressure)

are fixed at trAw waiicuas! wingthis didtrerosdnitheemedelel is re-devel oped with the
| arger dataset. C. Fuzzy-net Processing of Flow versus Valve Abnornality

I ndi.cations [00214]L i th any two-di nensional engineering fedupdangy
nodel , there ar e%ﬁ"ﬁggﬁm‘ies of abnormality, the "normal o ﬂﬂ?ﬁ%?ﬁange"
and the "normal nodel deviation". The "normal nodel deviation" is based on
a nornmalized index: "tni%? ﬁﬁm Thi S .S Is ype 4 fuzzy
di scrimnator (Fi ga(re ﬁlreh%%ér everlg%‘iegré}f%évgi%@l? t;%lg%[d%ééaﬁgéosn from

normal (value of zero) .,to abnornal
( 3{ - 2)1'1gmafl raw measurement

Xfiterea - €xponentially filtered raw measurement

[00184]  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 mimates 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,

[00185]  In order to accurately perform this transform, the data should be

gathered at the sample frequency that matches the on-line system, often every

minute or faster., This will result in collecting 525,600 samples for each

measurement to cover one year of operating data, Once this transformation has
" been calculated, the dataset is resampled to get down to a more manageable

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



(value of 1) in a standard way by using the nornalized index. [00218] The
"normal operating range" index is the valve position distance fromthe
normal region. It typically represents the operating region of the valve
where a changwo mos/bae position will result in little or porpkaogeszess the
flow through the valve. Once again the daggel oper can use the type 4 fuzzy
di scrimnator to cover both the upper and | ower ends of the normal operating
range and the transition fromnornmal to abnormal operation. D. G ouping

Mul tipl e Fl owV. \Mlodel Crddgbs [ 00219] A common way of grouping Flow / Val ve
nodel s which is favored WO 2006/ 029290 PCTI US20051032093 -62 operators is
to put all of these nobdels into g single fuzzy network, so thei the, trend

i ndi cat or wi | 1100286] ¢ h&mce tha speriticonedsyesipents baye bgensselggt the (teaining o

working. In th case,.th dgl__i ndi [ o e-fuzz rk (Figure
4w i cont ke SdEs Ry fe 0 ER bR BiihiiBule SRRtk
deviation" indication for each of the flow valve nodels. The trend w |
contain the discgimnator result fromthe worst nodel indication. [00220]
Vhen a common “quiSHHER BHEUUS o ouped toget her, another operator favored
way to look at this group is through a Pareto chart of the flow/ valves
(Figure 17). | y1S C ) )

arranged from['tnﬁ%m St@%hgfﬁéﬁa%c%%f@%ﬁt{ﬂ%ﬁ?st eagteﬁgf)fﬁ%ﬁr%%?%gkﬂe{he
right. Each Rapetso Thanraditimahagspreactefoescaliogistodividelieset inpot biréis deatded of
variation of the nodel abnormality indication that is within normal. The
chart in Fi gur@via&ion,s@gwﬁﬂﬁﬂﬂieﬁé{gjn\gqiamgeﬂ s substantially outside the
normal box but that thé others are all behaving normally. The operator
woul.d next investigate a plot for "Valve 10"" simlar to Figure 2 to

di a@ose t he probl m;w',m,t he flow control loop. . Miltidi nEgaationlll

Engi neeri ng Redundancy”’Mdel s [00221] Once the dinmensionality gets |arger
than 2, a single "PCA like" nodel is developed to handle a high di nension

engi neering re ncy_check, 0222]. EX | es o ti di nensj onal
redundancy ar e[.%fgﬁes SE%IHQHLS# &’éﬁﬁ? faB fﬂ;?gq I}Ull_lagﬂyaﬂg Neentical

measurements (such as multiple temperature measurements of fixed catalyst

reactor beds) this approach is modified to further divide the measurement by the
square root of the number of nearly identical measurements.

For redundant data groups
X' =X;/ (0;* sqri(N) ) Equation 12
Where N = number of inputs in redundant data group \

[00189]  These traditional approaches can be inappropriate for measurements
from continuous refining and chemical processes. B.ecause the process is usually
well controlled at specified operating points, the data distribution is a
combination of data from steady state operations and data from "disturbed" and
operating point change operations. These data will have overly small standard
deviations from the preponderance of steady state operation data. The resulting
PCA model will be excessively sensitive to small to moderate deviations in the

Process measurements.



materlal flowinto process unit 1 = material flow out of process wunit 1 =
. = material flowinto process unit 2 [00223] Because of neasurenent
calibration errors, these equations will each require coefficients to

conpensat e. Gypseewiepiohy. the nodel set that nust be firs Eﬁgﬁb @g 3l s1 WO
20061029290 PCT111520051032093 -63 Fl(y_igy = a,G (x i) +? tere Ias,, ;

+ operator bias, + error,, t F2(yi = a, 632 (x;).+ filtered bias2, 3 +
operator bias2 + error2, i F.(yi) =a.G (x;) + filtered bias., ; +

oper at or bi as, 04196y Of Fo} coﬁ‘i’tﬂﬁﬁlﬁ%ﬁ:ﬁﬁ Eﬁ@@ﬁéﬂucﬂ"gﬁéeéﬁég%é s@dlﬁﬁgeﬁ&ﬁﬂdoloed in

the identical manner that the two dinensional engineeri'ng reduridancy nodel s

wer e devel opecbe h436@ 2h]thd degres ef varfiabilityt thafi cvensd duvitlg wdveeal prevess now
converted into "PCA 1|like" nodels. This conversion relies on the

i nfj er pr gt ati o;ﬂim@nﬁﬁs E‘tdlpllllg' operalieg Reint ﬁ%\ﬁ%em %@@ldegseeapfm' biligy an

i ndependent effect on the ess e the prjnci en

coef 1I‘Oi ci en% s ( BtaQﬁ Hﬁ%@u‘?%%?@@wuﬁ gat{y% r ptﬂ‘éﬁﬁg&ﬁ& t he )
nmeasur ement s @@rff . three
i ndependent aﬂ%ﬁr e%%‘ﬁ%%?bﬂnéggﬁ?g@?%ﬁ , egér%v@%mgﬁgﬁerpﬁégnea%ﬁgn es by

one, Xl changefaclley. a, and X2 changes by a2. This set of relationships is
expressed as a single principle conponent nodel, P, with coefficients in
unseal ed engineering units as: P = a, X1 + a2 X2 + a3X3 Equation 19 \Were

a3 = | [00226]10§19E e”%‘lﬂ%ﬁﬁrtbfi&eﬂﬂﬂ1ni€eﬁe?ida§vﬂferéﬂﬁﬁﬁ v@a@rhol@ﬁgggg%ﬂted

to a standard PCA nodel format as” fol l'ows: [00227] "Draw ng ana

standard st at ist¢ddyadtate oncepdssalsd el expeniencinga sighafideat sbicrmabaedntdAnensi on,
X, can be based on_ the_normal operating range. For exanple, using 3a'
around the nealﬂmt@iﬂ‘émbﬁ?éofmﬂ%@mfséﬁfeﬂﬁéhﬁ kgy indieptorsiafsteady stalel vari abl es

are(def i ned asy Xseale g 0 HOIml APl b A RP 8o Scd TR s )
usually include the process feed rate, the product production rates and the
product quality. These key measures are used to segment the operations into
periods of normal steady state operations, normally disturbed operations, and
abnormal operations. The standard deviation from the time periods of normally
disturbed operations provides a good scaling factor for most of the

measurements.

[00192]  An alternative approach to explicitly calculating the scaling based on
disturbed operations is to use the entire fraining data set as follows. The scaling

( factor can be approximated by looking at the data distribuion outside of 3

~ standard deviations from the mean. For example, 99.7% of the data should lie,
within 3 standard deviations of the mean and that 99.99% of the data should lie,
within 4 standard deviations of the mean. The span of data values between
99.7% and 99.99% from the mean can act as an approximation for the standard
deviation of the "disturbed" data in the data set. See Figure 12.

[00193]  Finally, if a measurement is often constrained (see the discussion on
saturated variables) only those time periods where the variable is unconstrained

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



WO 20061029290 PCT/tTS20051032093 -64- (99. 7% of normal operating data
should fall within 3 is of the nmean) Xmd = X nmid point of operating range
Equation 21 (explicitly defining the "mean" as the md point of the normnal
operating ramgepossofeX - Xmid ) | Xsale Equation 22 (stapdaushob¥#eeal i ng
once nmean and a are determ ned) Then the RBs)oadings for X1 are: b (ai | X
cale) I (EIl (ak | Xk_$,ate}z )vz Equation 23 (the requirenent that the

| oadi ng vector be normalized) This transforms Pto P = bl * X1 + bz * X2 +
tba * XN Equat BonSdlderin i1 MiAbero Uil @nperhis b2 + +be Equation 25
100228] Wth this conversion, the multidi mensional engineering redundancy
nodel can now be handl ed using the standard PCA structure for cal cul ation,

exception handli % operator display and_interactiqn. DEPLOYI NG PCA MODELS
AND S| MPLE ENAWiERH NcPizbbegsiormgt FOGERAKAT osetof operator and

Known Event Suppressi o 29 ressi LC Is~reguired,.for the
follow ng: Pr P%%ls(is&ﬁ‘{/if?f’g’% “]rar@ﬁgptr@qu? @@ﬂl’g’g?@ﬁtf@n@ﬁ%‘:ﬁ&ﬁ? Hﬂ%?é'ur abl e
unusual events ﬁg@&#ogﬁg 'Pgﬁl;{]y% flen 1395 Provide a way to clear
abnormal i ndi c%(%elg())ns t hat tﬁer1 per at o@ﬁ a invest?gat ed Provide a way to
tenporarily disable nodels or nmeasurenents for maintenance Provide a way

to disable bad actpmg- K%IGIXI #@ILJ*XQ%A &ain){g¢ . Jetuned Equation 13

[00195]  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.

[00196]  Each principal component models a part of the process variability
caused by these different independent influences on the process. The principal
components are extracted in the direction of decreasing variation in the data set,
with each subsequent principal component modeling less and less of the process
variability. Significant principal components represent a significant source of
process variation, for example the first principal component usually represents
the effect of feed rate changes since this is usually the source of the largest
process changes. At some point, the developer must decide when the process
variation modeled by tile principal components no longer represents an

independent source of process variation.

[00197]  The engineering approach to selecting the correct number of
principal components is to stop when the groups of variables, which are the
primary contributors to the principal component no longer make engineering

sense. The primary cause of the process variation modeled by a PC is identified

by looking at the coefficients, A; , of the original variables (which are called



Provide a way to permanently disable bad acting instrunents. 1002301 There
are two types of suppression. Suppression which is automatically triggered
by an external, neasurable event and suppression which is initiated by the
operator. The WOg@es/ozedt nd these two types of suppression igerEgRsdets
Figures 18 and 19. Although these di agrarg6éshow t he suppression occurring
on a fuzzified nodel index, suppression can occur on a particul ar
measurenent, on a particular nodel index, on an entire nodel, or on a

conbi nati on ofloaditig)s Those cocfficients, sdeedsargrelativelgdaze]in Bwgnitude,zro the
initiated ion,. th i ' ,_which determ t
SUppr essi on | SUBIPE POMERUINTT Hs PRRIcHr B 1 Skediiaridp go0g SERTSIAABIERA | on has
] el . | . F Y
re from 1 - Ha DRk oult b 8ula0 Tk Alaak Erouptdl EREbIE WERMAK teflibry ™'

event check, reeaiblte&EIo APOBLA Afigd 4 nhas (6.8! fokd obte Probt) 90 BRI, Akate.

Typical values for this tiner are either equivalent to the length of the
operator's womkresdnidimoXeSPCoart2xiracted from the deda,\the eoeficientebdcome more
sem - per manent suppression. . [00232] For, eyent based, suppression, a

nmeasur abl e tri%éfmi%zer-e‘ﬁhﬁhﬂse@f?m §’3rléH‘PPE@ngﬁn%%iﬁda@bﬁpéﬁ%@éﬁrﬁctshange, a
sudden neasur enent -]ﬁ,%n%e, or adigital signal. This signal is converted
into atinng® HO8Fown i n Figure 20. This timng signal is created
fromthe trigger signal using the foll ow ng equations: WO 2006/ 029290 - 66-

PCT/ US2005103 = * LLH1-P). * X tial .fil ti
Fquatton 26 AOBT9SE (™ Fhe pdiianal fiatidical AReolIOE inebRmi S RhER BAECH RBh = x
RV s ! P e . ' " | tor od
valpe of the rRDGRAGE Bb MpnRlY Gl e ghoaB il DhAG blaIETbt || P OO
sigrnal X theaghnesRC baddigesdonktagt.t Thigdefneasgodby e PRESSIstitivtic Swhieal

shown in Figure 20 P the exponential filter constant Te the sanple tine of
t he nmeasur enemlotsthe ameunt ¢fiveariatiopmateted byneach successive PC (Figure 1%3.

Unfortunately this test is often ambiguous for PCA models developed on

refining and chemical processes.

V1. Model Testing & Tuning

[00199] The process data will not have a gaussian or normal distribution.
Consequently, the standard statistical method of setting the trigger for detecting
an abnormal event at 3 standard deviations of the error residual should not be

_ used. Instead the trigger point needs to be set empirically based on experience

with using the model.

[00200]  Initially the trigger level should be set so that abnormal events
would be signaled at a rate acceptable to the site engineer, typically 5 or 6 times
each day. This can be determined by looking at the SPE, statistic for the training
data set (this is also referred to as the Q statistic or the DMOD, statistic). This
level is set so that real abnormal events will not get missed but false alarms will

not overwhelm the site engineer.



[00233] As long as the tinting signal is above a threshold (shown as .05 in
Figure 20), the event renmai ns suppressed. The devel oper sets the |ength of
the suppression by changing the filter tinme constant, Tf. Although a sinple
timer could wosmogesremed for this function, this timng sipgnalk2oesbdzesdccount
for trigger signals of different sizes, cgpating |onger suppressions for

| ar ge changes and shorter suppressions for snmaller changes. [00234] Figure
21 shows the event suppression and the operator suppression disabling
predefined set g, ofinkapeing theMdgel PCA nodel . The set of inputs to be
automatically suppressed is determ ned fromthe on-1ine nodel perfornmance.
Whenever the PCA nobdel gives an indication that the operator does not want

(0,52 AR el LI e T el Bl )

i ndi vi dual connfﬁ?gggq%gggg}gg@bgw A PR Rine ﬁmgglgw&emﬁi&n& fliis

follows: E2 = ~1=11 WD 200610 0 PCT/ U82001§1032093
-67 wi - the ceprdoeshuDhonthsanodd] ifidicatenp potentiahabnveiby sitatiah, the chpineer - the
contribution to the sumof error squared frominput i [00235] Wen a trigger
event occurs, theuldémcastisateiasd classighths prpecsssituptéon: cFle enginearyel fg1d ¢ he

i nputs that t d.. Wen these. i nput to b tivated,
Lhe cont 11 but | GRCRANGHE GRGRaRR itict OB ARG Pooss/SGeich 1 peokERepeh o
peconpost 110N LORZRRn ot GHEBeh S iR AR the Brdddld i Bl PILARIRY 0CEsS

equi pnment  scope, ndi ces can De segregated 1nto groupl ngs that
better match t hlicfiopperators' view of the process and can inprove the
sensitivity of the index to an abnormal event. [00237] Referring again to
Equation 29, we can create several Sum of Error Square groupings: E12 _wa

e Equation 30 [@)202] The new training data set is made up of data from special operations
and normal operations. The same analyses as were done to create the initial
model need to be performed on the data, and the mode! re~calculated. 'With this
new model the trigger lever will still be set empirically, but now with better
annotated data, this trigger point can be tuned so as to only give an indication

when a true abnormal event has occurred.

SIMPLE ENGINEERING MODELS FOR ABNORMAL EVENT
DETECTION

[00203]  The physics, chemistry, and mechanical design of the process

C- equipment as well as the insertion of multiple similar measurements creates a
substantial amount of redundancy in the data from continuous refining and
chemical processes. This redundancy is called physical redundancy when
identical measurements are present, and calculational redundancy when the
physical, chemical, or mechanical relationships are used to perform independent
but equivalent estimates of a process condition. Thig class of model is called an

engineering redundancy model.



E22=ELI w; eZ En=r" w,e2 r i-k a ¢ [00238] Usually these groupings are
based around smal |l er sub-units of equipnent (e.g. reboiler section of a
tower), or are sub-groupings, which are relevant to the function of the
equi pnrent (e.wo2@eozaex quality). [00239] Since each cont rEdWES2005/082093 | S
al ways adding to the sumof error squaresRased on process noise, the size
of the index due to noise increases |inearly with the nunber of inputs
contributing to the index. Wth fewer contributors to the sum of error
squar e cal cul d i dfwo Dimessignal ErgineainpeRedundandyoModelse i ndex is i nproved,
maki ng the index nore responsive to abnormal events. WD 20061029290

can bo-subdi vilgo oA theeuft s Bt PRARRL su SHhedhé BRArBle SRR Doous.
to the Hotelling T2 index can be created for each subgroup, Pi,a E .1lbs 1x1

Equation 31 P1, bpE)k Bix ) 4ieifsrkd bidsk i tatoﬁﬁa.@?— eErorb pz b faation 132 1 Xi
Pz,c -Zi-k 2 iXi 1@_%&2 1=i a ZaE%ngé— Li = Tee=' c [00241]
The thresholds for these indices are cal cul at ed by runn| ng the testing

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

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

N - convergence factor { e.g. .0001 )
Normal operating range:  xmin < x <xmax

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

[00205] The "operator bias" term is updated whenever the operator
determines that there has been some field event (e.g. opening a bypass flow)
which requires the model to be shifted. On the operator's command, the operator

bias term is updated so that Equation 14 is exactly satisfied (error;= 0)

[00206]  The "filiered bias" term updates continnously to account for
persistent unmeasured process changes that bias the engineering redundancy
C model. The convergence factor, "N", is set to eliminate any persistent change

after a user specified time period, usually on the time scale of days.

[00207]  The "normal operating range" and the "normal model deviation" are
determined from the historical data for the engineering redundancy model. In
most cases the max_error value is a single value, however this can also be a

vector of values that is dependent on the x axis location.

[00208]  Any two dimensional equation can be represented in this manner.

Material balances, energy balances, estimated analyzer readings versus actnal



data through the nodels and setting the sensitivity of the threshol ds based
on their performance on the test data. [00242] These new i ndices are
interpreted for the operator in the identical manner that a nornmal PCA
nodel is handl W@.20(542%0¢ charts based on the original inpuscEras@osisws for
the largest contributors to the sumof erBBr square index, and the |argest
contributors to the largest P in the T2 cal cul ati on. WD 2006/ 029290

PCT1t JS2005/ 032093 -69- M Overl appi ng PCA ppdel s,[00243] Inputs wll
appear in seveliayZexigadings) COTPTCE08 CURTeS, §iht @-‘%‘E@ i‘@)ﬁ%‘?’w&ﬂﬂ?@t mgnsipaalppdel
are enconpassed w tshikn the nodel. This can cause nmultiple indications to

t he operator vﬁ%&%!{'}iﬂs‘ﬂé"’el nputs are the major contributors to the sum of
error squared index. [00244] To avoid this issue, any input, which appears
in mltiple P del g, is _assign one of those PCA.npdels.as its primary
rodel . The. cdibPIBuLT &5 asbit bARE fascity ShrsuS VRr PORHORHoE 5 prelinBle
will remain at, @ﬂ&d@@dl e for the non primary PCA nodels, it is set to
zero. |V. Qperator Interaction & Interface Design [00245] The prinmary
objectives of the operator interface are to: Provide a continuous

i ndi cation of }heynok |1je 011} f nj M, 0CESS areas under the authority
of the operat 6+—Pt¢ e or—2efbtse clicks) navigation to the
underlying nodel information Provide the operator with control over which

Sﬁgféisgéei iU E@%@ﬁél?&%ﬁ%b%@%ﬁﬁagg serPoRoaE s Whe i nal
i . 1 it - . ) . . n
Thi o trend 1 opCeENp LYok mpael 108 FRb! i e BCUR ol MRS ThOUT©

| i ket i hood of @Wﬁ&bﬁhmf@ﬁsq&d@@g in the fuzzy discrimnate function.
The\nunber of trends shown in the summary is flexible and decided in

di scussions with the operators. On this trend are two reference lines for
the Flow + filtered bias + operator bias = Cv (VP)

(Delta_Pressure / Delta_Pressureyeference) 2

Equation 17

where:

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

closest measured downstream pressure
Delta_Pressureyeference : average Delta_Pressure during normal operation

a: model parameter fitted to historical data
Cv: valve characteristic curve determined empirically from historical data
VP: signal to the control valve (not the actual conirol valve position)

The objectives of this model are to:

* Detecting sticking / stuck conirol valves

o Detecting frozen / failed flow measurements

» Detecting control valve operation where the control system loses
control of the flow



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. These lines provide WO 2006/ 029290 PCT/ US2005/ 032093 -70 gui dance to
t he operator = 00cedoew he is expected to take action. Werchivgootn203
crosses the yellow line, the green trianglgyin Figure 4 will turn yellow and
when the trend crosses the red line, the green triangle wll turn red. The
triangle also has the function that it will take the operator to the

di spl ay associated with the nodel giving the nost abnornmal indication.
[00247] |If the[0f2d] i sThis P@icotmtalrangerentiod thaflowoferars adve gquabionds oup
(e.g. all control valves), selecting the green triangle wll create a
Pareto chart. rapses fophyman fotors seaspps th%i‘éf@%?é@te%émﬂ mohissiosm ig thene

nodel index, this wll .indi,cate {he.nost_abno l. (on the left).to the

| east abnor nal O{A%qushgasglydwfi rS%?Q%%@FfPFW °f|§e§{T‘?i6WiJP EHI“@\T/&PIY O%mfis‘?:at ors

w || be anong | %@fiﬁl S Lfcl udes a
red box aroundmg)glgk arﬂltg%B%ra%?)t\elul:l e ;%Eg'&?(;a ﬁ%f%ﬁBﬂﬁgﬁggégﬁ% as to how
unusual the neasderetwedbydhe oparatie§ore it is regarded as an indication of
abnormality. [00248] For PCA nodels, operators are provided with a trend
Pareto, which natches the order in the bar chart Pareto. Wth the trend
Pareto, each ppot Dessloptibrhl e Sersib ¥abelRRiiaERepdeRTeNt (i n cyan) and an
estimate from the nodel of what that neasurenments should have been if
everything was normal (in tan). [00249] For valve | flow nodels, the detail

under the Pare k| i ' I : LA 1hoN
model plot - Fr ARl Medalll, bthe IGHETBARIAsteal) MalCERUBINTXRRASKA b, |
node].. [00250] chitidioas eefiring and dhemivehprogesegialong histedddl necardg(1go@en

triangle will take the operator right to the worst two-dinensjonal nodel
under the summBiedrs) meEhd requieddegetauiigicst daia ip spanstheopetatioard the centeol Par et o

O el b BT 15 Y R i A R oAV RN, GRS 029290

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.

[00213]  Often, either the Upstream_Pressure {often a punip discharge) or the
Downstream_Pressure is not available. In those cases the missing measurement

becomes a fixed model parameter in the model. If both pressurés are missing

then it is impossible to include the pressure effect in the model.

[00214]  The valve characteristic curve can be either fit with a linear valve
curve, with a quadratic valve curve or with a piecewise linear function. The
piecewise linear function is the most flexible and will fit any form of valve

characteristic curve.

[00215])  The theoretical value for "a" is 1/2 if the measurements are taken

directly across the valve. Rarely are the measurements positioned there, "a"
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Detecting the thadgigerdathemendi ng Breakouts” 8 6,636,842 10/21/03 Zanbrano,

et al, "System and nethod for controlling an industrial nocess utilizing
process trajectories” -------------moon soooin oo
------------ € - Fi Flo versks VRh#iABRrikalibPlidfefiond . et al
"Fuzzy Fuzzy © An ervie r ngress o Vol

| dentification 11, Discrete Event Syst ém;, San Francisco, " CA, , USA, June
30 - July 5, 1R9817PP- AJith48y two-dimensional engineering redundancy model, there

are two measures of abnormality, the "normal operating range” and the "normal
model deviation". The "normal model deviation" is based on a normalized index:
the error / max_error. This is fed into a type 4 fuzzy discriminator (Figure 16).
The developer can pick the transition from normal (value of zero) to abnormal

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

( [00218]  The "normal operating range" index is the valve position distance
from the normal region. It typically represents the operating region of the valve
where a change in valve position will result in litfle or no change in the flow
through the valve. Once again the developer can use the type 4 fuzzy
discriminator to cover both the upper and lower ends of the normal operating

range and the transition from normal to abnormal operation.

D. Grouping Multiple Flow / Valve Models

[00219] A common way of grouping Flow / Valve models which is favored
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Tabl e 1 Charge Gas Conpressor and Caustic Wash Princi pal Conponents Wth

Sensor Title gissriminaior pesnltGeom theoworst swdehigdicatiodnpr essor Tenperature
Balance .L s ft 80k _, - 1,.08, F47A WR FROM SURF COND -0.173 CHG CMP2SUC
COOLER -0. 172 WR FR SURFACE COND -0.172 CGC CTWQUTLET -0.171 CGC 1ST

STAGE EXCHANGHRZ220H20 WitiEn Bdifimon mq@ipnﬁmyps‘rs goaped BeeaRRtilerH?O OUT
TEMP -0A67 CGC 1ST STAGE HC TEMP, -0. 165 A CGC_EXCHANGER | NLET TEMP
-0.162 CHG crpetaios fayesedayfoleek at this group 1s 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" is substantially outside the normal box but that the others
are all behaving normally. The operator would next investigate a plot for "Valve

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

1. Multidimensional Engineering Redundancy Models

[00221]  Once the dimensionality gets larger than 2, a single "PCA like"
model is developed to bandle a high dimension engineering redundancy check.

( ' [0022'2] Examples of multidimensional redundancy are:
e pressure 1 = pressure 2 =.... = pressure n

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

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

[00223]  Because of measurement calibration errors, these equations will each
require coefficients to compensate. Consequently, the model set that must be

first developed is:
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Equation 18

[00224]  These models are developed in the identical manner that the two

dimensional engineering redundancy models were developed.

[00225]  This set of multidimensional checks are now converted into "PCA
C like" models. This conversion relies on the interpretation of a principle
component in a PCA model as a model of an independent effect on the process
where the principle component coefficients (Joadings) represent the proportional
change in the measurements due to this independent effect. In Figure 3, there are
three independent and redundant measures, X1, X2, and X3. Whenever X3
changes by one, X1 changes by a; and X2 changes by a,. This set of
relationships is expressed as a single principle component model, P, with

coefficients in unscaled engineering units as:
P=a; X1 +a; X2 +2a3X3 Equation 19
C | Where az= 1

[00226]  This engineering unit version of the model can be converted to a

standard PCA model format as follows:

[00227) Drawing analogies to standard statistical concepts, the conversion

factors for each dimension, X, can be based on the normal operating range. For
example, using 30 around the mean o define the normal operating range, the

Scale‘d variables are defined as:

Xseate = X normal operating range / 60 Equation 20
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X=X~ Xmia) / Xeeale Equation 22
(standard PCA scaling once mean and G are determined)

Then the P’ loadings for X; are:

b= @/ Keseatd) /(TR @acl Kcanate) ) Equation 23

(the requirement that the loading vector be normalized)

This transforms P to
PP=by*X1+by*X2+ eee +p *XN Equation 24
P' "standard deviation" =b; + bz + ee e +p, Equation 25

[00228]  With this conversion, the multidimensional engineering redundancy
| model can now be handled using the standard PCA structure for calculation,
C exception handling, operator display and interaction.

DEPLOYING PCA MODELS AND SIMPLE ENGINEERING MODELS
FOR ABNORMAL EVENT DETECTION

I. Operator and Known Event Suppression

100229]  Suppression logic is required for the following:

e Provide a way to eliminate false indications from measurable

unusual events



OLEFI NS RECOVERY TRAIN FEED-C2= 0.172 DRYERS FD MOLECULAR WI' -0. 163 7.
Recycl e Feed h;5ensott)escd oti =r t ;" ,. M"roadie HP STM TO CHG CW
-0.217 COWP DISCH. TO PP 0.204 FRESH FD CHGE CMPR 0.191 W CTW SUPPLY MAI N
0.189 CG 1STWSIBMBURSWEMP OVRD Cut put 0.188 RERUN OH CONBENSSIS06326d3ED
-0.188 CHG COWP 2ND STG SUCT -0.183 RERISN OH CONDENSOR TO FEED CQut put
-0.172 CAUSTI C TONER FEED COOLER QW QUT 0.171 CHG COW 18T STG SUCT -0. 166
WO 20061029290 PCTI US20051032093 -74- 8. Caustic Bal ance 5eneot| ~escr~
Linn- '";L+5.:.~;y. of Provide amdiyrto cleanabnorarbimmicssions Bhat sheonzarr bas26
OBPENT - ANALYZERS 0.512, 02 TO CAUSTIC TWR 0. 461 H2S TO CAUSTI C TOVER
0212 CHO COWP 2ND STG Suwyes@gaies CHG COVP 1ST STG SUCT 0.170 FEED
EXCHANGER ACTUAL- PRED. DP -0.103 CAUSTIC FEED FRM BL, Qut put -0.096 CO2 IN
CGC DI SCHARGE 0. 077  GGCPRNBSU@ayihe teroperagly disehle puadeloer meamgmenty ) y . 7
"Tti" .d~. _{my Y L9 . ? 'S~-S ".'"|.+~all n~ -1 CH4FEEDRATETOC]_EFINS
RECOVERY TRAIN 0. 314 or maintenance

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

retuned

e Provide a way to permanently disable bad acting instruments.

C-- [00230]  There are two types of suppression. Suppression which is
] antomatically triggered by an external, measurable event and suppression which
is initiated by the operator. The logic behind these two types of suppression is
shown in Figures 18 and 19. Although these diagrams show the suppression
occurring on a fuzzified model index, suppression can occur on a particular
measurement, on a particular model index, on an entire model, or on a

combination of models within the process area.

[00231]  For operator initiated suppression, there are two timers, which
determine when the suppression is over. One timer verifies that the suppressed
information has retarned to and remains in the normal state. Typical values for
C this timer are from 15 -~ 30 minutes. The second timer will reactivate the
abnormal event check, regardless of whether it has returned to the normal state.
Typical values for this timer are either equivalent to the length of the operator's

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

[00232]  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:
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where:

Y, the current filtered value of the trigger signal
Y.1 the previous filtered value of the trigger signal
X,  the current value of the trigger signal

Z,  the timing signal shown in Figure 20

the exponential filter constant

Ty  the sample time of the measurement

T;  the filter time constant

[00233]  As long as the timing signal is above a threshold (shown as .05 in

Figure 20), the event remains suppressed. The developer sets the length of the
suppression by changing the fitter time constant, T;. Although a simple timer

could alsc be used for this function, this timing signal will account for trigger

signals of different sizes, creating longer suppressions for large changes and

shorter suppressions for smaller changes.

[00234]  Figure 21 shows the event suppression and the operator suppression
disabling predefined sets of inputs in the PCA model. The set of inputs to be
automatically suppressed is determined from the on-line model performance.
Whenever the PCA model gives an indication that the operator does not want to
see, this indication can be traced to a small number of individual contributions to
the Sum of Error Square index. To suppress these individual contributions, the
calculation of this index is modified as follows:

El= Z?:] W, o2 Equation 29

i
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reactivated, the contribution weight is gradually returned to a value of 1.

II. PCA Model Decomposition

[00236]  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.

[00237]  Referring again to Equation 29, we can create several Sum of Error

Square groupings:
Ef= Zz—lw e Equation 30
B= Yk wel

2_ 2
Ep'= ?=k W;6;
[00238]  Usually these groupings are based around smaller sub-mmits 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 guality).

[00239]  Since each confributor, ;, is always adding to the sum of error

square based on process noise, the size of the index due to noise increases
 linearly with the number of inputs contributing to the index. With fewer

contributors to the sum of error square calculation, the signal to noise ratio for

the index is improved, making the index more responsive to abnormal events.
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L | [00241]  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.

[00242]  These new indices are interpreted for the operator in the identical
manner that a normal PCA model is handled. Pareto charis based on the original
inputs are shown for the largest contributors to the sum of error square index,

and the largest coniributors to the largest P in the T calculation.
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sum of error squared index.

[00244]  To avoid this issue, any input, which appears in muliiple PCA

models, is assigned one of those PCA models as its prinary model. The

contribution weight in Equation 29 for the primary PCA mode! will remain at
( one while for the non-primary PCA models, it is set to zero.

1V. Operator Interaction & Interface Design

[00245]  The primary objectives of the operator interface are to:

» Provide a continuous indication of the normality of the major

process areas under the authority of the operator

¢ Provide rapid (1 or 2 mouse clicks) navigation to the underlying

model information

* Provide the operator with control over which models are enabled,
C Figure 22 shows how these design objectives are expressed in the
| primary interfaces used by the operator.

[00246]  The final ouiput from a fuzzy Petri net is a normality trend as is
shown in Figure 4. This trend represents the model index that indicates the
greatest likelihood of abnormality as defined in the fuzzy discriminate function.
The number of trends shown in the sunumary is flexible and decided in
discussions with the operators. On this trend are two reference lines for the
operator to help signal when they should take action, 2 yellow line typically set

at a value of 0.6 and a red line typically set at a value 0f 0.9. These lines provide
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[00247]  If the model is a PCA model or it is part of an equipment group (e.g.
all control valves), selecting the green triangle will create a Pareto chart. For a
PCA model, of the dozen largest contributors to the model index, this will
indicate the most abnormal (on the Ieft) to the least abnormal (on the right)

C " Usnally the key abnormal event indicators will be among the first 2 or 3
measurements. The Pareto chart includes a red box around each bar to provide
the operator with a reference as to how unusual the measurement can be before it

is regarded as an indication of abnormality.

[00248]  For PCA models, operators are provided with a trend Pareto, which
matches the order in the bar chart Pareto. With the irend Pareto, each plot has
two trends, thé actual measurement (in cyan) and an estimate from the PCA
model qf what that measurements should have been if everything was normal (in

tan).

L [00249]  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.

[00250]  If there is no equipment grouping, selecting the green triangle will
take the operator right to the worst two-dimensional model under the summary
frend.

[00251]  Operator suppression is done at the Pareto chart level by selecting
the on/off button beneath each bar.
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PCT/ US2005/ 032093 - 79- TAKh &engorfifleaad EPB mpogeHt ne Boost er

Pri nci pal Corrponent s Wth Sensor Title and Princi pal Conponent Loadi ng
I Compressor Temperature Balance

" Sensor Description” sy T %175 0 N M W AT RNy, AT Loading? .
WR FROM SURF COND -0.173
CHG CMP2SUC COOLER 0.172
WR FR SURFACE COND -0.172
CGC CTW OUTLET -0.171
CGC 18T STAGE EXCHANGER 2 H20 OUT TEMP -0.170
CGC 18T STAGE EXCHANGER 1 H20 OUT TEMP -0.167
( i CGC 18T STAGE HC OUT TEMP -0.165
CGC EXCHANGER INLET TEMP -0.162
CHG CMP DIS COOLER -0.160
CAUSTIC TOWER FEED -0.159
2. | Compressor Pressure Balance
7% Sensof Deschiptior . & & ¥ o o 0 R N b A0 2 [Ch - Todding. i
CHG COMP 1ST DISC 0.224
C3R DRIER TUBE INLET PRESS ‘ 0.200
CHG COMP 2ND STG DISC 0.197
CGC 2ND STG DEL P 0.195
CHG CMP 2 STG DISC 0.187
NACC TRISEN SPEED SETPNT 0.180
MCGC TURBINE SPEED ' 0.175
CHG COMP 18T STG SUCT Output 0.175
TOTAL FRESH FEED 0.175
CHARGE COMP RELIEF 0.157
. 3. | Discharge Temgeratgre Balance
C i i T SensorDestriptions . o7ty B LA R My TR T 5 T T "Loddinge:
C3R DRIER BACK PRESS 0.344
CGC COOLED OUTLET OVHD TO DRIERS 0.341
C3R DRIER CHARGE GAS OQUTLET 0.338
MCGC COOLED OUTLET OH TO DRYERS 0.320
C3R DRIER BACK PRESS Ouiput -0.319
C3=VAP FM C3R DRIER 0.315
CHG COMP AFT CHLR C3R DRIER Output -0.204
CHG CMP 1 STG SUC 0.187
CHG COMP 1ST STG SUCT 0.182

CAUSTIC TWR DISCH ‘ 0.155



1. Hydrogen Puri Loading D FF ACROSS COLDBOX CORE EXCHANGER 3 -0.200 H2
PRODUCT PURI TY THCO -0.178 LO PRES CH4 DP -0.177 C3R COLDBOX VAPOR
PRESSURE -0.173 HYDROGEN WI' FRACTI ON 0.171 HYDROGEN PURITY 0.170 HYDROGEN
MOLECULAR WI' WO.20¢02929EED GAS FRM C2R COLDBOX CHI LLER 1 - OpdfiB8s206X@sBaoBOX H2
MOL WI -0.167 FEED GAS FRM C3R COLDBOX =§3164 2. Methane Medi um Pressure
Tenperature Soo of '062 =7 r v " f ' L'"Qat n MP METH TO OLEFI NS CRACKI NG
TRAIN-WO0.240 METH CWP | STG SUC 0. 233 G# BOOSTER 1ST STAGE QUTLET GAS
OUT 0.230 CHA_BOOSTER ?2ND STAGE QUTIET GAS QUT 0 230  CA DBOX 1 P NMFTHANE
0.230 H2 F Md@fﬁ@(ﬁ‘ée&SO CB MPCH4 OQUT TLCO 0 223 CO_DBOX HP METHANE
0.217 NETH OVP '@ndof Desoliktiod. 217, CHA BOOSTER LI ND' GTAGE FLE T s DhAREN
0.212 3. per cH@ CriP TeTRSUT Ure .. 3enbeberi Lion 2 T TAWV ..p322 Fbadm
DRYER REGN FURBHS SOMR 89T STERIDY REG HTR OUT -0.305 DRYER REGN 6BA4-ETS

-0. 304 ( DRYERAREIN: P BiSEH 0. 304 0.259
CHARGE COMP RELIEF 0.244
TOTAL FRESH FEED 0.222
CHG CMP 2 STG SUC 0.211
COLD BOX FEED -0.203
C3R DRIER BACK PRESS -0.195
C3R DRIER CHARGE GAS OUTLET -0.180
CGC COOLED QUTLET OVHD TO DRIERS -0.174
5. | Steam Balance -
% Pensor DEBGRPHON . . &+ i e T SRR T Weare | Loading 4
HP STM TO CHG CMP 0.341
( CGC EXT STM OVRRIDE SEL. Qutput 0.339
g CGC STEAM TURBINE 18T STG NOZ «0.337
CGC STEAM TURBINE INLET STM VAL POS -0.325
STM COND FM ZCDO01 0.265
CGC STEAM TURBINE EXTRACT STM PRESS -0.255
CGC STEAM TURBINE EXTRT STM VAL POS 0.241
CGC STEAM TURBINE EXTRACT STM TEMP -0.195
SURF COND INLET 0170
CHG COMP SURF COND VAC : -0.164
6
. -SersoEDescriptioN: . . Wb, S%E B TRkon - | . Loagibgs
OLEFINS RECOVERY TRAIN FEED- H2 0.340
OLEFINS CRACKING TRAIN TOTAL PROD 0.335
MW CORRECTED STOH -(.328
OLEFINS RECOVERY TRAIN FEED-C1 -0.317
CGC 2ND SUC MW -0.240
OLEFINS RECOVERY TRAIN FEED-C3= -0.237
CH4 FEED RATE TO OLEFINS RECOVERY TRAIN -0.219
(\ CH4 FEED RATE TO OLEFINS RECOVERY TRAIN -0.216
OLEFINS RECOVERY TRAIN FEED-C2= 0.172
DRYERS FD MOLECULAR WT -0.163
7. | Recycle Feed
' '“llSCDSQIH'DGS,CIithé]l e TRl :-'---;-L“..‘-.I_T A g e, 'ﬂ»wfoadiﬂg -r_‘-
HP STM TO CHG CMP -0.217
COMP DISCH. TO PP ' 0.204
FRESH FD CHGE CMFR 0.191
W CTW SUPPLY MAIN 0.189
CG 18T 8TG SUC TEMP OVRD OQutput 0.188
RERUN OH CONDENSOR TO FEED -0.188
CHG COMP 2ND 8STG SUCT -0.183
RERUN OH CONDENSOR TO FEED Ouiput -0.172
CAUSTIC TOWER FEED COOLER QW OUT 0.171

CHG COMP 18T STG SUCT -0.166



DRYER REGEN HEADER QUT -0. 303 DRYER REGN OQUTLET1 -0.303 DRYER REGN OQUTLET2
£0.303 FG TO REGEN HTR -0.271 REGEN FURN CH4 TO COOLDOWN -0. 235 REG GAS

TO DRYERS -0.232 WD 20061029290 PCT/ US20051 032093 -

Bal ance , . -.

vagpmenisescd ttonr,

80 -

4. Col dbox Pressure
DEVMETH FEED DR 3 0. 309 DEdExidzé6r05d803V 0. 306

™M N DEMIH #4FD DRM PRESS 0. 305 H2 SEPARAECR DRUM 0. 300 DEMETH FEED DR 2
0.289 CO.DBOX TO DEMETH DP 0.272 DEMETH FEED DR 1 0.269 H2 FROM COLDBOX

0,269 DEMETHANI ZER FEED #3 CQut put
ne Supply Bal ance Kadin

-0.173 5. Meth

0.2

METHANE TO JLEF| CauSHeMBAMGBCERAI N- W 0. 261 MED PRESS METHANE HEADER Qut
-0.246 NETHANESZEDeriGEG SUC-OUtpiite0a2as VED. PRESS NGlT| REAOER
0. 229 NETHW@ YZ S R ERY TRAIN T. T -0.
NETHANE COVPRAMJENFLWAQYZEQS METHANE FROM COLDBOX 0.201 0512
CO2 TO CAUSTIC TWR 0.461
H28 TO CAUSTIC TOWER 0.212
CHG COMP 2ND STG SUCT 0.176
CHG COMP 18T STG SUCT 0.170
FEED EXCHANGER ACTUAL-PRED. DP -0.103
CAUSTIC FEED FRM BL Output -(.086
CO2 IN CGC DISCHARGE 0.077
CGC 2ND SUC MW 0.076
I Feed Rate on Caustic -
T T e RN T
CH4 FEED RATE TO OLEFINS RECOVERY TRAIN 0.314
( ' NEW SPENT CAUSTIC LINE 0.278
CHG COMP 18T STG SUCT 0.238
CHG COMP 2ND STG SUCT 0.233
OLEFINS RECOVERY TRAIN FEED-C1 0.225
CAUSTIC TOWER 18T STG 0.199
OLEFINS RECOVERY TRAIN FEED-C20 -0.192
CAUSTIC FEED FRM BL 0.185
COLD BOX FEED 0.179
CONDENSATE TO TOP 0.170
10. | Caustic Efﬁclengy
R, Do Or DeN DO i~ o i e o R B PR e ol 0A0RE g
- CHG COMP 18T 8TG SUCT -0.362
CHG COMP 2ND STG SUCT -0.358
CGC 2ND SUC MwW -0.233
FEED EXCHANGER ACTUAL-PRED. DP 0.209
C02 TO CAUSTIC TWR 0.187
CHG COMP DISC DRUM DRW OQutput ©-0.183
TARGET NAOH BY ANALYZER 0.178
-, CHG CMP 2 STG SUC 0.172
C CH4 FEED RATE TO OLEFINS RECOVERY TRAIN 0.159
%SPENT - ANALYZERS 0.155

-0.193 DEMETH FEED DRM #4 LEVEL Qut put
METHANE COVPR 2ND DI SCHG

0 M
put

16



MP METH TO OLEFI NS CRACKI NG TRAIN-WO0. 163 6. Col dbox Tenperature - ° |
ottd(u n.im SC~50fi DCSCO, t10tl -- ~Y"Vi.;, ' ~ ~ , DEMETH FD CHILL
EXCHANGER Qut put -0.264 CHG GAS FROM C2= SPUTTER BOTTOVS - 0. 263 (2=
SPUTTER BOTTOW® TR6/RREIDUCT - 0. 255 CHG GAS FROM C2= SPLI TTe8ridsidoidBédsL ER
-0.226 C2= SPUTTER BOITOVS C20 (FEED) 0.238 VAP FRM C2= SPUTTER BOTTOVS
-0.189 CHARGE GAS FROM COLDBOX FEED EXCHANGER -0.188 DEMETH FD CHI LL
EXCHANGER 0. 167 SPLTR H P RBLR VAP -0.162 DEMETH FEED DRUM #1 -0. 156 7.

Met hane Header Sensor Desoii tton : = TableZoading NO1 FD TEMP CUTOUT
-0.202 FURNACE FG ithiidnlyapd! éhedVéfri iGiREBin ciffal [ AdEpblFAER 0. 195 MP
METHANE FROM COLDBOX 0. 188it Gk LBinETHANE TO OLEFI NS

o
CRACKI NG TRAIN-WO0.179 MED PRESS METHANE HEADER CQut put -0.164 C3R 2ND
STAGE EXCHANGER C3= VAPCR -0.161 FEED GAS TO CCLDBOX FEED DRUM -0. 160 C2R

COLDBOX CORE EXQIW mbmg@p' rgsgtﬁgmg@hg 67 029290 PCT/ US20051032093 - B1-

8. Col dbox Mgt gE onoC T SOt SEESTH! TN B VI SR WM TR | ML= Ty
DEMETHANI ZER#H&E m 2 lBM B T R SE il i 't(ﬁ 31‘5815.2
C2= COMP DISCHARGE 0.135
C2R COMP OUTLET CONDENSOR A C2=0UT 0.124
C2R COMP OUTLET CONDENSOR B C2=0UT 0.124
C2= COMPR 3RD SUCT 0.123
C2=CMP 3RD SUCT DRUM 0.121
C2= COMPR 2ND SUCT 0.121
C2R COMP QUTLET DRUM OUTLET 0.121
CHG CMP2SUC COOLER 0.120
( C2R COMP OUTLET CONDENSOR A SHELL OUT 0.120
2. | Propylene Compressor Discharge
&eﬂ&exl%ﬁ?gp N T Y Y N T
F‘ROP CMP 4 STG DIS -0.142
RERUN TOWER CONDENSED OVHD . 0.135
H20 FM SURF COND 1 -0.133
CW OUT C3R OUTLET CONDENSOR A -0.131
CW OUT C3R OUTLET CONDENSOR D -0.130
H20 FM SURF COND 2 -0.130
C3R COMP 4TH STG DP _ -0.129
CW OUT C3R QUTLET CONDENSOR C -0.129
COND FM SURF COND 5 0.127
PROF COMP TO R-FUEL -0.126
3. , ,
% .. SenBor Defefigtion s - "5, i 9 B oy - s Loading |
C2 SPLITTER CVHD COND BLO OVERRIDE SEL Output -0.218
C2 SPLITTER OVHD COND A LO OVERRIDE SEL Output -0.218
_ C2 SPLITTER OVHD COND B VALVE DP 0.212
. OUTLET BTM DRAW OFF 0.177
C3R COMP MEDJAN SPEED - 0,173
PROP COMP 18T STG SUCT Output -0.163
ETY SPLT REFLUX DR -{}.169
C2= SPLITTER TOTAL HEAT IN -0.167
C3=TO SPLTR REBOILER -0.149

€2=SPLITTER REBOILER BTU CONTROLLER -0.144



TOTAL MP METHANE FLOW-0.213 FEED GAS FRM COLD BOX -0.208 COLDBOX RECYCLE
*-0.206 MED PRES CH4 DP -0.196 COLDBOX | NLET PRES PHCO -0.194 COLD BOX
C2=R LIQUD -0.161 H PRESS C1 FROM COLDBOX -0.153 METH TO FUEL GAS -0. 142
MP METHANE moawmox 0.140 9. Methane Conpressor Lo&dT/UsSwesBeisesct 7
hon' :. M. , X , ;" Loodi YG NMEH&MP 1 DISCH 0.285 ©METH CwP 2 DI SCH
0.268 METH COVP 1ST SUC 0.254 METHANE BOOSTER MOTOR AMPS 0. 253 HI GH PRESS
METHANE 0.213 METHANE COWP 1ST STG DS 0.171 C2= SPLI TTER BOTTOVS
SUPERHEAT CIRL OR Qutput -0 171 NETHANE COVPR M.N ELOMO. 166 NETH CVP 2
SUCTI ON 0. 1%4 | Sthylene Commpressor J@atho  10. Met hane Let down_Bal ance
enso74gsc. . [e~Sensor DesepphidDadin NELH-CNP | . DLSCH 00234 4 CAF *SHitkdmgR “BOT TOVS
SUPERHEAT C &_@mtDX‘SCHﬁ ﬁ? METH CWP 2 DI SCH 0. 212 DEMETHAOAE EED4
-0.183 MNETHAME CRMBSWIERORBMRSAMPS 0. 180 SPLTR HI P RBLR I N 0. $8@7 H GH

PRESS METHANBERETHANIZHRTRESONPPROP SUC 0. 156 -0.183
DEMETH REBOILER A/B SHELL INLET -0.182

DEMETH FD CHILL EXCHBANGER Qutput -0.168

CHG GAS FROM C2= SPLITTER BOTTOMS -0.161
C2= SPLITTER BOTTOMS C2 PRODUCT -0.147

DEMETH RBLR A IN - 0,132

PROP PUMP QUT ' _ 0.129

DEMETH REBOILER A/B SHELL INLET Output -0.128

| Ethylene Compressor Suctlon
o Senspr Desoription. S8 F ¢ ., ¢ g o f GRS Loading fx

C2R FROM COLD BOX 0,224

(‘ C2= CMP 1 SUCT DRUM 0.220
C2= COMPR 13T STAGE SUCT 0.215
PROP COMP 3RD STG DUMP 0.208
C2=SPLITTER REBOILER SHELL OUT 0.206

DEPROP OH CONDENSR 0.202

ETHY SPLIT REB FD 0.201

DEMETH OVHD COND C2R LIQUID 0.193

FEED GAS FRM COLD BOX 0.187

DEMETH OVHD COND C2R VAPOR 0.185

6 | Propylene Comp essor Demand
T Sensor Déeription T Bdio- TR S e e SR
02— SPLITTER TOTAL HEAT IN
PROP COMP 4TH STG DISC Qutput
FROP COMP TO R-FUEL
DEPROP OH CONDENSR
DEMETH FEED DR 2
CG 18T STG SUC TEMP OVRD Output
DEMETH FEED DR 3
(‘ C3=TO SPLTR REBOILER Qutput
. PROP CMP 4 STG SUC
C3=TO COLDBOX FIRST CORE

7. | Ethylene-Propylene Compressors Interatum

=, o Senion Desciiplion™ e, o, - HEAL TS,
CBR COMP - C3R.COMP QUTLET COND TEMP MARGIN
C3R COMP 4TH STG DP

CW OUT C3R OUTLET CONDENSOR D

C2R COMP OUTLET DRUM ETHYLENE PURGE Ouiput
COLD BOX C2= VAPOR

DEMETH FD CHILL EXCHANGER Qutput

C2= COMPR 3RD STG SUCT

C3= PURGE TO FEED Output .
DEMETH FEED C2R COLDBOX CHILLER 1 LEVEL Output -0.166
C2R COMP OUTLET EXCHANGER OUTLET TEMP -0.162



FEED GAS TO COLDBOX -0.156 VAP FRM C2= SPLI TTER BOTTOWVS -0.153 11. Low
" Pressure Methane Quali fovkWhg LOW PRESS CH4: ACETYLENE 0.276 LP METHANE
C2= 0.235 H GH PRESS METHANE 0.210 DEMETHANI ZER FEED #3 0.207 METH CWP 2
DI SCH 0. 204woMadd2B00ST DUVP TO FLARE -0.178 METHANE COMPrii§ihositeesSUC
" -0.176 MED PRES CH4: ACET 0.175 HYDROGEN SEPARATOR DRUM -0.172 DEMETH
FEED COLD BOX LEVEL 0.168 WD 20061029290 PCTI US20051032093 -82- Per er
Tenper ature Bal ance Sensor e9ctk tioa Loadui' REGEN FURN BLOADOWN CTW
OQUTLET TEMP_-Q %18 jF(‘ENjURI\L BLOADOWAN GAS I NLET -0.325_ _ CHG DRYER REGN OUT
R Hedel e@ép? OQUTLET TEMP -0. 307 CH4 TO FG -0. 169
=oDEs CO. DBOX .RECVELERO - ¥y .- ‘COLEBOX Helhehiadz 1 F
i & 14T HD" FROM COLDBOX 0. 132 13. Meplg@se Reg cle
Senso%DescrlRERuwmwm RER&N OVHBCOND VENT GABEGEN FURN BLONDOXIZOBAS | NLET

ANE

-0. 238 PROP CMP 1 STG SUC -0.182
ETHANE PRODUCT -0.174
C2 PROD TO B LIMIT -0.171
C3R COLDBOX VAPOR 0.168
PROP CMP 4 STG SUC 0.165
SPLTR REFLUX CND B 0.160
WR FR AFT COND ~0.158
PROP COMP 3RD STG DUMP -0.138
9. | Propylene Heat Sourees -
|- SEnSOTPeseripionz,., S M e © e i o o] l0BGIRE
"DEETH OVHD COND C3= VAPOR Output -0.316
(" DEMETH FEED CHILLER #1 -0.312
DEETH OVHD COND C3= VAPOR -0.309
PROP COMP SURF COND VAC -0.300
PROP COMP 3 SUCT DRUM -0.253
ETHANE PRODUCT Output 0.193
HP STEAM TO PROP CMP 0.135
PROP COMP 4TH S7TG SUCT 0.121
PROP CMP 4 STG DIS 0.119
DEMETH FEED COLD BOX LEVEL 0411

10. Demethanizer Balance

DEMETH REBOILER NB SHELL INLE Out ut -0 202

C3= FROM DEETH OVHD COND -0.183

C2R COMP - DRUM LO SEL Output -0.157

C2R COMP 2ND STAGE FEED DRUM LIQUID -0.185

C2 SPLITTER OVHD COND B LO OVERRIDE SEL Output -0.145

VAP FRM C2= SPLITTER BOTTOMS -0.144

DEMETH RBLR A IN -0.142

S ETY SPLT REFLUX DR -0.135
( ' DEMETH FEED DR 2 -0.134
DEMETH FEED DR 3 -0.134

11 | Propylene Vapor Ba]ance

AT T =

... SensorDescriplome, - S o0 S T ET

0401

DEMETH REBOILER AB SHELL |NLET Output

C3= FROM DEETH OVHD COND 0.120
MAKEUP AND PURGE BTMS 0.184
WR FR AFT COND -0.170
VAP FRM C2= SPLITTER BOTTOMS 0.167
RERUN TOWER - RERUN OVHD COND VENT GAS -0.167
C2R COMP 2ND STAGE FEED DRUM LIQUID 0.161
DEMETH RBLR A IN 0.159
C2R COMP - DRUM LO SEL Output -0.155
ETY SPLT REFLUX DR -0.163




CHG DRYER REGN QUT -0.225 REGEN FURN BLOADOWN CTW OQUTLET TEMP -0. 214
DEMETHANI ZER FEED #3 -0.203 C3= TO COLDBOX FI RST CORE -0.175 CO

TEMPERATURE 0. 175 C3= FROM COLDBOX -0.168 REGEN FURN BLOADOAN GAS QUTLET
TEMP -0. 166 WERRRESICHA DP -0. 145 OLEFI NS CRACKI NG TRAIF¢TW 2051036665
Met hane Conpressor Suction gig= METHANE COWP 1ST STG SUC -0. 275
METH BOOST DUMP TO FLARE -0.267 C3R 2ND STAGE EXCHANGER 03= VAPOR -0. 237

NO1 FD TEMP CUTQUT -0.197 FEED GAS TO COLDBOX FEED DRUM -0.189 C2R COLDBOX

-0.145 14..

CORE EXCHANGER_LNLET -0_177 DEMETHANL.ZER..EEEDI -0.175 HYDROGEN SERPARATOR
DRUM -0. 172 I'BF& Da]i.‘ﬂmnmepmad 171 ~ G3R COLDBOX VAPOR PRESSURE 0. 163 | 15.
Met hane Booslter: | b= FRaadin “ 3R AEROM-COLDBGX Leid@iRg: . 3= TO
CALDBOX FI RSTDEEﬂEVQF‘@wPRNETH BCDST DUMP TO FLARE 0.218

STG SUC - 0. 205HG (gMPZSUE COBRERST STG SUC CQut put 0.180 DEMETH FR.1@BL |
C3=>COLDBOX HeEREATYWARENT. CORD REREIN BVHD CBNDIOGiget>COLDBOX FBHP4EXCHANGER

\/ETHBNEBCC]VP 1ST

Qut put 0. 172 C3=OrGRESTRIREBIHLBER160 0.169
C2R COMP - DRUM LO SEL OQutput 0.155
RERUN TOWER VENT COND RERUN OVHD COND Qutput -0.152
C3R COMP 3RD STG SUCT 0.148
C2= COMPR 18T STAGE SUCT 0.137
ETY SPLT REFLUX DR 0.137
PROP PUMP OUT 0.136
ro S DesChpion - o S b e e . | Geboadingn
COOL KICKEACK TO csR COMP FEED  BROM 0.198
C MAPD REACTOR C3 RECYCLE TO FEED -0.178
— ETY SPLT REFLUX DR 0.177
PROP COMP 4TH STG DISC 0.175
C2= COMP DISCHARGE 0.167
€3= FROM DEETH OVHD COND 0.163
C2R COMP - DRUM LO SEL Output 0.158
C2= DESUPERHEATER C2R OUTLET 2ND EXCHANGER Output 0.157
DEMETH REBOILER A/B SHELL INLET Qutput 0.158
DEMETH FEED DR 3 0.150
14. | Ethylene Splltter Load
" keSensoPDesthiptions, ™ we VR of TR L, T T T B LOGAIAES S
RERUN TOWER - RERUN OVAD COND VENT GAS -0.211
C2= COMP DISCHARGE 0.184
SPLTR REFLUX CND B 0.181
PROP PUMP QUT -0.179
MAPD REACTOR C3 RECYCLE TO FEED -0.176
WR FR AFT COND -0.167
ETHANE PRODUCT -0.160
C DEMETH REBOILER A/B SHELL INLET Qutput -0.159
- DEPROP OVERHEAD -0.159
C2 PROD TO B LIMIT -0.159
15. | Coldbox and De—Methamzer Feed ‘
[ i SensofPescription:.  ¥s : T s Flis * gk 2. Loading:
DEMETH FEED GOLD BOX LEVEL Output 0.208
DEMETHANIZER REFLUX DRUM 0.194
RERUN TOWER - RERUN OVHD COND VENT GAS -0.191
SPLITTER BTM TEMP -0.180
DEPROP OVERHEAD -0.187
PROP PUMP OUT 0.186
PROP COMP 4TH STG DISC 0.178
HP ETHYLENE PROD 0.152
SPLTR REFLUX CND B 0.143
PROP COMP 4TH STG DISC 0.128



FURNACE FG KO DRUM Qut put -0.156 CO TEMPERATURE -0. 152 WD 20061029290 - 83-
PCT/ US20051032093 Tabl e 4 De- Met bani zer Princi pal Conponents Wth Sensor
Title and Principal Conponent Loading 1. Heat Bal ance Sensor.:pescu Lion; ,
owi. r Lo wvb\val#42RBLR A IN 0.222 DEMETH BTMS 0. 215 DEMETHS#0R0320831 N
0,213 DEMETH OH COND HEAT -0.203 DEMETH7$OTAL REFLX HEAT -0.199 DEMETH
REBO L B QUT TEM 0, 184 DEMETHANI ZER FEED #3 -0.181 DEMETHANI ZER REBO L
PROP 0.179 DEMETH REBO LER AIB SHELL I NLET 0.179 DEMETHANI ZER REFLUX FLOW
-0.172 2. Mass Balance r ms v ~ S eQdéble3ct DEVMETHANI ZER BTMS FLOW

Qut put 0.220 DEMETDr{é25] ObRI Rhd Methane Bddsier Ritivéipal Cobigohients 217
DEMETH TRAY 26 0.215 DEMSW; iRArld Pt ideipal Ceiptidht Lhadd@ C2= COVPR 1ST
STAGE SUCT -0.191 LIQUJ D METHANE RECYCLE -0.190 DEMETHANI ZER #4 FEED
-0.187

1. | Hydrogen Purity
'Sensor Deseription . . © - L g TR W R | Tpading,
DIFF ACROSS COLDBOX CORE EXCHANGER 3 -0.200
H2 PRODUCT PURITY THCO -0.178
LO PRES CH4 DP 0177
C3R COLDBOX VAPOR PRESSURE -0.173
HYDROGEN WT FRACTION 0.171
HYDROGEN PURITY 0.170
HYDROGEN MOLECULAR WT -0.169
FEED GAS FRM C2R COLDBOX CHILLER 1 -0.168
COLD BOX H2 MOLWT -0.167
( FEED GAS FRM C3R COLDBOX -0.164

2. | Methane Medium Pressure Temperature

R L R A 5.53?. T i - < HORRIRE -
MP METH TO OLEFINS CRACKING TRAIN-W 0.240
METH CMP 1 STG SUC 0.233
CH4 BOOSTER 18T STAGE QUTLET GAS OUT 0.230
CH4 BQOSTER 2ND STAGE QUTLET GAS OUT 0.230
COLDBOX LP METHANE 0.230
H2 FROM COLDBOX 0.230
CB MPCH4 OUT TLCO 0.223
COLDBOX HP METHANE - 0.217
METH CMP 2 STG SUC 0.217
CH4 BOOSTER 2ND STAGE OUTLET CTN RTM TEMP 0.212

3. | Dryer Outlet Temperature -

; Seﬁ‘séel)escnpnou "?ﬁ“ e b m i ’ FA‘{M I "fvl ]:Oaﬁillgw
DRYER REGN FUR STK -0.307
DRYER REG HTR OUT -0.305

- DRYER REGN QUTLET3 -0.304

' DRYER REGN OUTLET4 -0.304
N~ DRYER REGEN HEADER OUT -0.303
DRYER REGN OUTLET1 -0.303
DRYER REGN OUTLET2 -0.303
FG TO REGEN HTR -0.271
REGEN FURN CH4 TO COOLDOWN -0.235

REG GAS TO DRYERS -0.232



DEMETHANI ZER REBO L PROP 0.176 DEMETH REBO LER A/ B SHELL I NLET 0.176 3.
Over head Tenperature S en or_, UDz='s DEMETH OH 0.259 DEMETH TRAY 5 0. 237
DEMETH UPPER OH AVG TEMP 0. 232 DEMETH OVHD COND C2R LI QUID 0.189 EXPANDER
OQUTLET PR 0. 19@ 2068Ar980MPR 1ST STAGE SUCT 0. 182 EXPNDR DRaiMfisshSAs2003
DEMETHANI ZER REFLUX DRUM 0. 169 DEMETH Q#fp. DRUM HL EXPND TRI P LHCO 0. 168
DEMETH OVHD TO EXPANDER Qut put 0. 167 WO 20061029290 PCT/ US20051032093 - 84-
4. Met hane Conpressor SensOrDesdri ‘tiaa. '- 5 ;- ' ..o0adtn EXPNDR SHAFT
SPEED -0.201 __DENMETH REBA LER C3= REBIR 4TH QUCT ' 0.199 EXPNDR _IN H RNGE
-0.199 DEIVET&HA I(Zﬂab‘ﬁﬁm-esaur@BkvﬂﬁncoENETH O\/HD 1O EXPANDER Qut put -0.188

DEMETH TRAY 37 "RElK 1]
38 0.184 D SEERD

, e : HADC

Tur bo- E ander DEl\@THlFﬁDRLmﬁ O3, ep. ,c .hyr t. ' _" %::s : Loagdlsg

EXPNDR RECMP \ivy BEMT®: £ DRM PRESS 0.305
H2 SEPARATOR DRUM 0.300
DEMETH FEED DR 2 0.289
COLDBOX TO DEMETH DP 0.272
DEMETH FEED DR 1 0.269
H2 FROM COLDBOX 0.269
DEMETHANIZER FEED #3 Qufput -0,183
DEMETH FEED DRM #4 LEVEL Output -0,173

5, [ Methane Supply Balance
i ibensGf DescHpHOtE: ©d . | AR % 7 il
METHANE COMPR 2ND DISCHG
( B MP METHANE TO OLEFINS CRACKING TRAIN-W

MED PRESS METHANE HEADER Output
METHANE COMP 2ND STG SUC Quiput
MED PRESS METHANE HEADER

METH TO FUEL GAS

OLEFINS RECOVERY TRAIN T.G. TO CMM

METHANE COMPR MIN FLOW
MP METHANE FROM COLDBOX
MP METH TO OLEFINS CRACKING TRAIN-W
6. | Coldbox Temperature '

z sga SenforDesCription - or. T Mmel T Rg . . WG TRy | Hoading |
DEMETH FD CHIL.L EXCHANGER Output -0.264
CHG GAS FROM C2= SPLITTER BOTTOMS -0.263
C2=SPLITTER BOTTOMS C2 PRODUCT -0.255
CHG GAS FROM C2= SPLITTER HIF REBOILER -0.226
C2= SPLITTER BOTTOMS C20 (FEED) 0.218
VAP FRM C2= SPLITTER BOTTOMS -0.189
CHARGE GAS FROM COLDBOX FEED EXCHANGER -0.188

Q - DEMETH FD CHILL EXCHANGER 0.167
: SPLTR HIP RBLR VAP -0.162
PEMETH FEED DRUM #1 -0.156

. | Methane Header

I Sensof Desoptian . B0 . 5. o wm S e  OF m - % .| Loadmg |
NO1 FD TEMP CUTOUT -0.202
FURNACE FG KO DRUM Quiput -0.201
MED PRESS METHANE HEADER 0.195
MP METHANE FROM COLDBOX 0.188
DEMETHANIZER FEED1 -0.180
MP METHANE TO CLEFINS CRACKING TRAIN-W 0.179
MED PRESS METHANE HEADER Qutput -0.164
C3R 2ND STAGE EXCHANGER C3= VAPOR -0.161
FEED GAS TO COLDBOX FEED DRUM -0.160

C2R COLDBOX CORE EXCHANGER INLET -0.160



EXPNDR DRUM - 0. 337 EXPANDER OUTLET PR -0.332 EXPNDR RECMP OUT P -0. 281
DEMETH OFF GAS - 0.253 EXPNDR OUTLET TEMP -0.217 EXPNDR SHAFT SPEED 0. 210
EXPANDER RECOVPR DI SCHG 0.171 DEMETH M N BTM TEMP 0. 168 DEMETH TRAY 16
0.162 6. MetWwereos@uedod i, SenSorDeQ '’ q~,,tki" '1 ;I béTrud20658hdds ;
DEMETH TRAY 34 TEMP CTL 0,292 DEMETH TRAY; 38 0.274 DENETH TRAY 34 0. 268
DEMETHANI ZER REFLUX FLOW Qut put 0.227 DEMETH CUTPO NT CONTROL - 0. 226
DEMETH REBOI LER C3= REBLR 4TH SUCT -0.215 EXPANDER | NLET PR -0. 185

DEVETHANI ZER BTMS FLOW -0. 180 ~~- TURBOEXPANDER SEPR LEVEL Qutput 0.175 4TH
STG SUCT C3— E,O Mﬂdxam(ﬂmﬁg(zﬁaﬁgtl 7 Met h_ ane Re cI e Sen80 SCA
rDd. bbnsb:Das&nﬂE%ﬁ ee g - w3, CRELAIEXAN 2l ' ]
0. 430 EXPND HETRANAER #2W FE Eﬁ Ar PHI:bS T FRO D
RECOVPR DI SCH?O@*LW METRARE APeMeTH TRAY 34 -0.202 CB I\/PCH4 auT ]a_ﬁ@ 0.193
DEMETH TRAY 3Bpef8-dA4 RN IFeORAY 34 TEMP CTL -0. 164 -0.208
COLDBOX RECYCLE -0.206
MED PRES CH4 DP -0.196
" COLDBOX INLET PRES PHCO -0.194
COLD BOX C2=R LIGUID -(.161
HI PRESS C1 FROM COLDBOX -0.153
METH TO FUEL GAS -0.142
MP METHANE FROM COLDBOX -0.140
9,
P, Sensth Deseriptiontiay, 7 s B P an L et B gt Bt #Toading |
] METH CMP 1 DISCH 0.285
¢ METH CMP 2 DISCH , 0.268
- METH COMP 1ST SUC 0.254
METHANE BOOSTER MOTOR AMPS 0.253
HIGH PRESS METHANE 0.213
METHANE COMP 1ST STG DIS ' 0.171
C2= SPLITTER BOTTOMS SUPERHEAT CTRL COR Output -0.171
METHANE COMPR MIN FLOW ' 0.166
METH CMP 2 SUCTION 0.154
SPLTR HIP RBLR IN -3.149
10. | Methane Letdown Balance
| P2Sensor Desciipton. - WL B o WS e o ] Shoading oy
METH CMP 1 DISCH 0.231
C2= SPLITTER BOTTOMS SUPERHEAT CTRL OR Output 0.227
METH CMP 2 DISCH 0.212
DEMETHANIZER FEED4 -0.183
METHANE BOOSTER MOTOR AMPS 0.180
SPLTR HIP RBLR IN 0.180
HIGH PRESS METHANE 0.159
C _ METH COMP 18T SUC 0.156
- FEED GAS TO COLDBOX -0.156
VAP FRM C2= SPLITTER BOTTOMS -0.153
11. | Low Pressure Methane Quahty
"%, SensorDéseription . By _ v AL Evha | Loading |
LOW PRESS CH4: ACETYLENE 0.276
LP METHANE C2= 0.235
HIGH PRESS METHANE 0.210
DEMETHANIZER FEED #3 0.207
METH CMP 2 DISCH 0.204
METH BOOST DUMP TO FLARE -0.178
METHANE COMP 18T STG SUC -0.176
MED PRES CH4: ACET 0.175
HYDROGEN SEPARATOR DRUM -0.172

DEMETH FEED COLD BOX LEVEL 0.168



DEMETH M N BTM TEMP -0. 155 M N DEMETH- DEETH DELTA-P -0. 140 WO 2006/ 029290
PCT/ EJS2005/ 032093 -85- $. Met hane Pressure Bal ance F =' Sezssor escri |ion
Ev, r_="1aadiii EXPNDR RECMP | NLET -0.283 EXPANDER | NLET PR -0.273
EXPNDR RECVP wlvEoob/02€29€69 DEMETHANI ZER OVHD PRESS - 0. 252 pd¥ryézéés bty 38
-0.227 DEMETH TRAY 34 -0,226 EXPANDER RggEOWPR DI SCHG Cut put -0.219 H
PRESS C1 FROM COLDBOX 0.202 DEMETH BOTTOVS LEVEL 0. 186 DEI\/ETH LEVEL TO
DEETH 0. 175 9. Feed Rate W= 5,rnsbr || Zesan tfon . ~' ~~'"~ - - IPh
METHANE RECYCLE 021 _11QUID H PRESS C1 FROM. CO.DBOX_ - 0 094 DENETHANI ZER
FEED #3 -0. 0512, DIDvyEn ARem rEﬁﬁfE Bﬁl&ﬁl&w DEMETHANI ZER FEED #1 0. 006
DEMETHANI ZER#-4 ISepigr Defistion#4 PEMETH o WSEETA - (. 130, DEVE TH TE Y S L
RATE 0. 009 FSEN FORREI 05T TEMBENDR LT SNPVETH U 1{?:?;38 T0.

Bot t ons Bal a”REGEN FURN BLOWDOWN GAS INLET .0.325
‘CHG DRYER REGN OUT -0.309
REGEN FURN BLOWDOWN GAS OUTLET TEMP -0.307
CH4 TO FG -0.169
COLDBOX INLET PRES PHCO 0.159
COLDBOX RECYCLE 0.157
COLDBOX HP METHANE 0.144
COLDBOX HP METHANE 0.141
H2 FROM COLDBOX 0.132
13 | Methane Recycle
[ SensobDescriphohy . - - “Wihe,  Buse .. B & AR Ul eladngg
REGEN FURN BLOWDOWN GAS INLET -0.238
('“ CHG DRYER REGN QUT -0.225
: REGEN FURN BLOWDOWN CTW OUTLET TEMP -0.214
DEMETHANIZER FEED #3 -0.203
C3= TO COLDBOX FIRST CORE -0.175
CO TEMPERATURE 0.175
C3= FROM COLDBOX -0.168
REGEN FURN BLOWDOWN GAS OUTLET TEMP : 0,166
MED PRES CH4 DP -0.145
OLEFINS CRACKING TRAIN-W FUEL GAS -0.145

14, ! Methane Compressor Suct:lon
T T R M s o,

METHANE COMP 18T STG SUC -0.275
METH BOOST DUMP TO FLARE -0.267
C3R 2ND STAGE EXCHANGER C3= VAPOR -0.237
NO1 FD TEMP CUTOUT -0.197
FEED GAS TO COLDBOX FEED DRUM -0.189
C2R COLDBOX CORE EXCHANGER INLET -0.177
DEMETHANIZER FEED1 -0.175
C HYDROGEN SEPARATOR DRUM -0.172
3 C3R COLDBOX VAPOR 0.171
C3R COLDBOX VAPOR PRESSURE 0.163
15. | Methane Booster Dlscharg
... Sensor Debdriptioh iy, ™iew " j_ A :5’3‘"1-.‘“3;-:F;3§;L0ad_{ﬁg“"-‘ -
C3- FROM COLDBOX 0.236
C3= TO COLDBOX FIRST CORE 0.219
METH BOOST DUMP TO FLARE -(1.218
METHANE COMP 1ST STG SUC -0.205
METHANE COMP 1ST STG SUC Quiput 0.180
DEMETH FD CHL 1 C3=>COLDBOX FEED EXCHANGER 0.173
DEMETH FD CHL 1 C3=>COLDBOX FEED EXCHANGER Output 0.172
LO PRES CH4 DP 0.160
FURNACE FG KO DRUM Output -0.156

CO TEMPERATURE -0.152



1 N 1

- ~'iell CI$lI .,es ZiatlO .,,. .":.mi ~:ryl: "9~"f" jiad, '.. ~
:?earvlj: . ,&fdi x DEMETH REBLR KO POT KD21 0.283 DEMETHANI ZER BTMS FLQN
-0.275 EXPNDR RECMP OJT P -0.270 DEMETH REBLR KO POT KD21 Out put 0.266
EXPNDR OUTLET WIENP6/@9284 EXPNDR SHAFT SPEED - 0. 201 MAKEUBCAWS: ik 36038 T VG
-0.200 EXPANDER RECOVPR DI SCHG CQut put G.8898 TURBOEXPANDER SEPR LEVEL

Cut put 0.183 DEMETHANI ZER OVHD PRESS 0. 181 WO 20061029290

PCTI 1 JS2005/ 032093 -86- Table 5 De-Ethani zer Principal Conponents Wth
Sensor Title and Principal Conponent L lﬁd 1. Overhead Quality DEETH TRAY
45 -0.214 DEETH B REBO LERDeNMiEthaxizer1 Brincipal ComBpondnts - 0. 206 DEETH VAPOR
PROD -0.205 DEETH OH TO WithREnsPREBBS 2ndP12ixipal DEEPsheBTMBdE@ DEPR - 0. 205

DEETH OH -0.202 DEETH VAPOR PROD -0.200 DEETH OvHD COND C3= VAPOR -0. 199
DEETH REBO LER R.QUTLET TEMP -0i 98 2 _Bottons Quality DEETH BTMS Qut put
0.278 DEETH BTVH&QLtBﬂanEEFLUX BTU CO\ITRC]_ 0. 273

. - SehsorDescriptions © W % T RN o % @ - By o B - T4 Loading |
DEMETH RBLR A IN 0.222
PEMETH BTMS 0.215
DEMETH RBLR B IN 0.213
DEMETH OH COND HEAT -0.203
DEMETH TOTAL REFLX HEAT -0.199
DEMETH REROIL B OUT TEM 0.184
DEMETHANIZER FEED #3 -0.181
DEMETHANIZER REBOIL PROP 0.179
DEMETH REBOILER A/B SHELL INLET 0.179
( ' DEMETHANIZER REFLUX FLOW -0.172
2. l Mass Balance

[T S Snsor Dbschption <. "85 G h B be G Wit g Fap 0 Th e
DEMETHANIZER BTMS FLOW Quiput
DEMETH BOTTOMS LEVEL
DEMETH LEVEL TO DEETH
DEMETH TRAY 26
DEMETHANIZER REFLUX FLOW Qutput
C2= COMPR 18T STAGE SUCT
LIQUID METHANE RECYCLE
DEMETHANIZER #4 FEED
DEMETHANIZER REBOIL PROP
DEMETH REBOILER A/B SHELL INLET
| Overhead Temperature
%, Nensor IeRoriphons =, . M Ny e Pe 8 T "N T o8di
DEMETH OH
DEMETH TRAY &
i DEMETH UPPER OH AvVG TEMP
( ' DEMETH OVHD COND C2R LIQUID
= EXPANDER OUTLET PR
C2= COMFR 18T STAGE SUCT
EXPNDR DRUM
DEMETHANIZER REFLUX DRUM
DEMETH OVHD DRUM HL EXPND TRIP LHCO
DEMETH OVHD TG EXPANDER Quiput




DETH REFLUX FLOW 0. 258 DEETH REFLUX DRUM -0. 236 DEETH OVHD COND C3= VAPOR
Qut put 0.207 AVG TEMP DEETH 0. 193 DEETH REFLUX COND Qut put 0.186 DETH
REFLUX FLOW Cut put 0.179 DEETH BTMS 0.177 3. Bottons Heat Balance a. k" T
wagels/ogn29uesO lion 6 .. '7. 4 44 DEVETH BTMVS P(II‘IMOS!MM TO
DEETH REBO LER 0.265 ACET CONVERT FEED V@4 VE PCSI TI ON 0. 253 ~DEMETH BTMS
C3= -0.240 REBO LER BTU CONTRCOL 0.240 DEETH TOT OH FLOW 0. 232 DEETH FEED
-0.227 DEETH TRAY 25 -0.222 DEETH TRAY 20 -0.208 DEETH TRAY 31 -0.200 WO

ocidiri ;,.

2006/ 029290 RCTLUS20051032093 -87- 4 1 OQuer hnad_Heal_BaLaLme_Sensa..De.ﬁ_ﬂl

tiow .. .

CONVERT FEED

REFLUX COND

Qut put 0. 225
C

4, ' Methane Compressor | oadi h r DEETH TOT OH FLOW - 0. 327

N\CET

VAISHRoPDEbIptoN - 0,315 » DEE [ .CUTPG: NT CaNTRGLER 0. PelloadiBETH

ROSHAPT SRYEDTEMP DEETH 0,228 DEETH OVHD COND d8201VAPOR
DEMETH REBOILER C3= REBLR 4TH SUCT -0,199
EXPNDR IN HI RNGE -0.199
DEMETHANIZER FEED #3 -0.193
DEMETH OVHD TO EXPANDER Output -0.188
DEMETH TRAY 34 TEMP CTL 0.185
DEMETH CUTPOINT CONTROL -0.184
DEMETH TRAY 38 0.184
DEMETH TRAY 34 0.173
DEMETHANIZER FEED #1 0.172
5. | Methane Turbo-Expander

e SensorDeserphops: R T TR AN e Loadmgm
EXPNDR RECMP INLET -0.338
EXPNDR DRUM -0.337
EXPANDER QUTLET PR -0.332
EXPNDR RECMP OUT P {3,281
DEMETH OFF GAS -0.253
EXPNDR QUTLET TEMP 0.217
EXPNDR SHAFT SPEED 0.210
EXPANDER RECOMPR DISCHG 0171
DEMETH MIN BTM TEMP 0.168
DEMETH TRAY 16 0.162
6.

i cSensor DesCHpHon -4, 1. . . iig
DEMETH TRAY 34 TEMP CTL 0,292
DEMETH TRAY 38 0.274
DEMETH TRAY 34 0.268
DEMETHANIZER REFLUX FLOW Oufput 0.227
DEMETH CUTPOINT CONTROL -0.228
DEMETH REBOILER C3= REBLR 4TH SUCT -0.215
EXPANDER INLET PR -0,185
DEMETHANIZER BTMS FLOW -0.180
TURBOEXPANDER SEPR LEVEL Output 0.175
4TH STG SUCT C3=TO DEMETH REBOILER -0.164
7.

- -Sensor BPegeripton:™ g . o, 5 " Bela
"EXPNDR RECMP INLET
EXPNDRRECMPOUT T

HI PRESS C1 FROM COLDBOX
EXPANDER RECOMPR DISCHG Qutput
DEMETH TRAY 34

CB MPCH4 OUT TLCO

DEMETH TRAY 38

DEMETH TRAY 34 TEMP CTL

DEMETH MIN BTM TEMP

MIN DEMETH-DEETH DELTA-P




DE- ETHANI ZER MAT BALANCE -0.220 STM TO DEETH REBO LER Qut put 0.212 DETH
REFLUX FLOW-0.211 DEMETH LEVEL TO DEETH 0.210 5. Bottons Tenperature
Se6sd Docri tioia 1,o0adiik DEETH BTM TO DEPROP -0.364 DEETH BOTTOVS TO
DEPROP - 0. 361WODEE7DBP2REBO LER B QUTLET TEMP -0. 241 DEETH BINVEszH63/BHPR
-0.239 DEETH REBO LER A QUTLET TEMP -0.283%- DEETH RBLR IN -0.224 DEETH B
REBO LER | NLET -0.213 C3 IN DEETH OH 0 195 DEMETH BTMs C2 0.174 DEETH
STARTUP TEMP - 0. 169 6. Product Qual i Qr Desorz N ei i Loadut _
STM TO B L) R..-( FTH

REBOI LER - 0. PO4Sciobfiseriten Db 0, 1607 PDEETH REFLUK: CONDYOut ut . 0, TaddmEEETH
OVHD COND C3=EXRINOR REGMBINCEL38 STM TO DEETH REBOI LER 0. 136 ACER2E3ONVERT
FEED VALVE PCSXFAKRDERUNDET PR 135 7. Feed Quali 11 ' tohSef0e5Cr| #0.2#h . : .

DEMETH BTMS (ZXPRDRAECMP OUT T -0.269
DEMETHANIZER OVHD PRESS -0.252
DEMETH TRAY 38 | 0.227
DEMETH TRAY 34 -0.226
EXPANDER RECOMPR DISCHG Output -0.219
HI PRESS C1 FROM COLDBOX 0.202
DPEMETH BOTTOMS LEVEL (.186
DEMETH LEVEL TO DEETH 0.175
9.
. Bper DeSoriplion R T L e T Eoading.
LIQUID METHANE RECYCLE . 0.021
(' HI PRESS C1 FROM COLDBOX -0.094
DEMETHANIZER FEED #3 -0.051
DEMETHANIZER FEED #2 ‘ 0.032
DEMETHANIZER FEED #1 0.006
DEMETHANIZER #4 FEED ' 0.088
#4 DEMETH FEED W/SF614 0.130
DEMETH TOTAL OH RATE 0.009
DEMETH TOTAL REFLX HEAT -0.156
EXPNDR LIQ->MPMETH 0.154
10. | Bottoms Balance ] :‘l
T S A N T o B TN
DEMETH REBLR KO POT KD21 0.283
DEMETHANIZER BTMS FLOW : -0.275
EXPNDR RECMP QUT P -0.270
DEMETH REBLR KO POT KD21 Output 0.266
EXPNDR OUTLET TEMP ' 0.234
EXPNDR SHAFT SPEED -0.201
MAKEUP AND PURGE BTMS -0.200
C EXPANDER RECOMPR DISCHG Output 0.198
— TURBOEXPANDER SEPR LEVEL Output 0.183

DEMETHANIZER OVHD PRESS 0.181



DEMETH BTM5 C3= -0.417 DEMETH BTMs C3 -0.398 STM TO DEETH REBO LER 0. 315
STM TO DEETH REBO LER AI B 0. 314 DEMETH BTMS C2 0.176 DEMETH BTMs 0. 154
STM TO DEETH REBO LER -0. 152 DEETH TRAY 31 0.137 AVG TEMP DEETH 0. 134 WO
20061029290 - ¥ 20pgPP2982005/ 032093 S. Material Bal ance Sereomsidgsts2nds | i on
t :; _ Loading _. STM TO DEETH REBO LER 8- 360 DE- ETHANLZER MAT BALANCE
0.298 DEETH STARTUP TEMP -0.261 (C3= LTQTO DEETH OvVHD COND -0.246 DEETH
REFLUX COND Qut put -0.229 AVG TEMP DE TH 224 DEETH BTMs 0. 223 DEETH
BTMS Qutput 0.202 DEMETH BTMS C3 - 0. 1942 béETH REFLUX COND 0. 183 9.

Over head Bal ance i 9~nsuD~i nDedithanizexiPrincipal CompoaentsDEETH STARTUP TEMP
0.352 AVG TEWVP DEETH 0. 2906th SeksbiT embdRriftipAMCotpatdnt LREHEIg )X BTU CONTROL
-0. 254 DE- ETHANI ZER MAT BALANCE 0. 252 STM TO DEETH REBO LER -0. 238 DEETH
STM COND ACC_-0.235

1. | Overhead Quality -

>, SémserDeseription” & e w T R e %5 o | 3 Loading:
DEETH TRAY 45 ' - -0.214
DEETH B REBOILER INLET -0.210
DEETH RBL.R IN -0.206
DEETH VAPOR PROD -0.205
DEETH OH TO FLARE PRESS 0,205
DEETH BTMS TO DEPR -0.205
DEETH OH -0.202
DEETH VAPOR PROD -0.200
DEETH OVHD COND C3= VAPOR -0.199
(' DEETH REBOILER B OUTLET TEMP -0.198

: 2. | Bottoms Quality
(% SensorDesepption, ™" M P T e P 4 T Rs e, % M ™ Tooading |
DEETH BTMS Quiput 0.278
DEETH BTMS 0.275
REFLUX BTU CONTROL 0.273
DETH REFLUX FLOW 0.268
DEETH REFLUX DRUM -0.238
DEETH OVHD COND C3= VAPOR OQutput _ 0.207
AVG TEMP DEETH 0.193
DEETH REFLUX COND OQutput 0.186
DETH REFLUX FLOW Oufput 0.179
DEETH BTMS 0.177
. | Bottoms Heat Balance
FESerRor Pescrphion & 5, B ok B . o Lo g S & s Lopdiogs

DEMETH BTMS -0.314
STM TO DEETH REBOILER : 0,265
B ACET CONVERT FEED VALVE POSITION 0.253
C. DEMETH BTMS C3= 0.240
REBOILER BTU CONTROL 0.240
DEETH TOT OH FLOW 0.232
DEETH FEED -0.227
DEETH TRAY 25 -0.222
DEETH TRAY 20 -0.208

DEETH TRAY 31 -0.200



ACET CONVERT FEED VALVE POSI TI ON Qut put 0.231 DEETH PURGE TO C3R DRUM BTMs
0.194 STM TO DEETH REBO LER Qut put 0.193 1D. Ener Bal ance DEETH STM COND
ACC -0.386 DEETH REFLUX COND 0. 318 STM TO DEETH REBO LER -0. 308

DE- ETHANI ZER R¥OR20B%028MCE - 0. 300 DEETH STM COND ACC Qut put PCOURBH5/0328931 N

DEETH OH -0. 217

DEETH REFLUX DRUM 0. 204 - 8Z3= LI QTrO DEETH OvHD COND 0. 199

STM TO DEETH REBO LER AIB -0.192 STM TO DEETH REBO LER -0. 187 WO
2006/ 029290 PCTI US2005/ 032093 89 Tabl e 6

+

r\nnnv n

Acetyl ene Converter Principal
al

1 Faod

Oorrponent S

F. ;.S enS_ ll

VAPOR PROD QutBEE

Ca 1 ot
al WII'J\J'IICIIL I_UCluI Ilg Lo 1T o Co\T Iat e

BT . FFFfrs”‘" GE POSLTI"ON| 0 Leadie DEETH

TH"@I@-I Fla@wr oV FD s 0.223 CONVERTER A | NL-GB27

PRESSURE - 0. 2 ACETWCONVRRTHIEEIXMADYE POSIHON CONVERTER A 1ST BED 44€3167
0.217 C2= SPLREEEHRCHEEOINDCONAROLLRD. 211 DEETH FEED PREHEAT EXCHARBER

| NLET -0.210 RERVERFERUA COND Quipub4aB TWs 0. 210 0.240
AVG TEMP DEETH -0.228
DEETH OVHD COND C3= VAPOR Output 0.225
DE-ETHANIZER MAT BALANCE -0.220
STM TO DEETH REBOILER Output 0.212
DETH REFLUX FLOW 0211
DEMETH LEVEL TQ DEETH 0.210
5. | Bottoms Temperature

. Sensgr Deseripdon . - Loy - P ""‘“ RE Gew | Loadifgar
DEETH BTM TO DEPROP 0,364
DEETH BOTTOMS TO DEPROP -0.361
DEETH REBOILER B OUTLET TEMP -0.241
DEETH BTMS TO DEPR -0.239
DEETH REBOILER A OQUTLET TEMP -0.234
DEETH RBLR IN -0.224
DEETH B REBOILER INLET -0.213
C3 IN DEETH OH 0.195
DEMETH BTMS C2 0.174
DEETH STARTUP TEMP -0.169

6. | Product Quallty - 4

- SFnsor DesCrigion g ... Bh.ut.. . Bl o MG | Loadings
STM TO DEETH REBOILER AR -0.447
STM TO DEETH REBOILER -0.437
DEETH CUTPOINT CONTROLLR -0.388
REBOILER BTU CONTROL -0.347
STM TO DEETH REBOILER -0.204
DEETH TOP DP 0.160
DEETH REFLUX COND Output 0.151
DEETH OVHD COND C3= VAPOR Output 0.138
STM TO DEETH REBOILER 0.136
ACET CONVERT FEED VALVE POSITION Output 0.135

7. | Feed Quality _ .

- SensptDeserptioh . Trame T e DO v Loading” |
“BEMETH BTMS G2= 0.461
DEMETH BTMS C3= -0.417
DEMETH BTMS C3 -0.308
STM TO DEETH REBOILER 0.315
STM TO DEETH REBOILER A/B 0.314
DEMETH BTMS C2 0.176
DEMETH BTMS 0.154
STM TO DEETH REBOILER -0.152
DEETH TRAY 31 0.137
AVG TEMP DEETH 0.134



2, Mdbed Tenperature a m~;~ 41 1 oad'

1ST BED CONVERTER H2 CQut put 0.289

CONVERTER A M DBED EXCHANGER DELTA PRESS 0. 237 H2l FEED RATI O 1ST BED 0. 232
ACET CONV A M DBED Qut put 0.228 CONVERTER A 1ST QUTLET 0.226 CONVERTER A

1ST OUTLET TCHV@2094/292990ONVERTER A 1ST OUTLET TC3 0.217 CORYERTEIRSs/#32043T

OUTLET TCl 0.216 ACET CONV FEED 0.198 <€BEFN H2 PRODUCT -0.192 3. Lead Bed
Conversion Sensor Rf, ACT CNV FD HTR OUT -0.307 CONVERTER A 1ST BED | NLET
ST I NLET -0. 260

-0.303 ACT CONV FD HTR OQUT TEM -0. 263 CONVERTER A |
CONVERTER A ]
CONV A M DBER

r A _2ND BED 43C TWs_-.0. 179 _ CONVE

ER.A 2

ACET
ND

BED 43B TwW +0_Fensor Respiintaner A np PNLET %0, 165. 7 AN 90067 0599
PCTI US2005/ 03280830 DEGTHRERILER Bed Conversi on SEnsot |]esen"ii arP-360

b (Loading"._

LLaadm CONVERFHRHANIRERBIAT BAANGE - 0. 280 0.298
DEETH STARTUP TEMP -0.261
C3=L1QTO DEETH OVHD COND -0.246

DEETH REFLUX COND Qutput -0.229

AVG TEMP DEETH -0.224

DEETH BTMS 0.223

DEETH BTMS Qutput 0.202

DEMETH BTMS C3 -0.190

DEETH REFLUX COND 0.183

9, | Overhead Balance
% SendhDEeription .. RN, s L, R Rw S g TSR ik Loading.

DEETH STARTUP TEMP 0.352

( AVG TEMP DEETH 0.280
DETH REFLUX FLOW -0.260
REFLUX BTU CONTROL -0.254
DE-ETHANIZER MAT BALANCE 0.252

STM TO DEETH REBOILER -0.238

DEETH STM COND ACC -(.235

ACET CONVERT FEED VALVE POSITION Output 0.231

- DEETH PURGE TO C3R DRUM BTMS 0.124

~8TM TO DEETH REBOILER Ouiput 0.193

- | Energy Balance
. SensorDesdfiptidi = F. LR B N B TR o G- I%hding©

DEETH 8TM COND ACC -0.386

DEETH REFLUX COND 0.318

STM TO DEETH REBOILER -0.308
DE-ETHANIZER MAT BALANCE -0.300

. DEETH STM COND ACC Qutput -0.235

C3 IN DEETH OH -0.217

DEETH REFLUX DRUM 0.204

C3= LIQ TO DEETH OVHD COND 0.109
( STM TO DEETH REBOILER A/B -0.192
STM TO DEETH REBOILER -0.187



CONVERTER FI NAL FEED EXCHANGER | NLET COOLER -0.267 CONVERTER A 2ND QUTLET
TC3 -0.264 CONVERTER A 2ND BED OUTLET -0.263 CONVERTER A 2ND QUTLET TC1
-0.263 CONVERTER A 2ND QUTLET TC2 -0.263 CONVERTER A 2ND BED 43B TW

-0. 257 CONVEROEB6#288% BED | NLET 0.237 ACT CNV FD HTR OUfcflugiddsiossfss CONV
FD HTR OUT TEM 0.219 C WD 2006/ 029290 PCE$US20051032093 -91- Table 7

Et hyl ene Splitter Principal Conponents Wth Sensor W and Princi pal
Conmponent Leading 1. Pressure Bal ance Sensor Descri on Loading SPLITTER
FEED -0.223 SPLTR H P RBLR VAP -0.222 Kble®O BL_FEED FL -0.212 ETY SPLT

REFLUX DR -0.204 SPLI TTERAWMRIGR CoividtterOPRAtinabPlo gREFLUX FLCO Qut put
-0.197 SPLITTER M D DP 33kl em&'ﬂiﬁzamﬁﬁlﬁl{;ﬁ, Bl LMdidg. 185 OUTLET BTM
DRAW OFF -0.184 C. - SPLTR TRAY 116 -0.183 2. Feed Rate SrDesc ttonY: i,

~,. loa6i$ C2= SPLITTER TOTAL HEAT | N 0.257 (C3= TO SPLTR REBA LER

07256 1. | Feed Rate

- 3S58ns0r Desoription.s” e oy ot " e, wv Sr g b o @] oading -
CONVERTER FEED EXCHANGER FEED GAS IN -0.225
ACET CONVERT FEED VALVE POSITION -0.224
DEETH VAPOR PROD Qutput -0.223
AGCET CONV FD GAS -0.223
CONVERTER A INLET PRESSURE -0.219
ACT CNV FD EXH OUT -0.219
CONVERTER A 1ST BED 44C TW7 0.217
C2= SPLITTER FEED TO OLA-1X ‘ -0.211
DEETH FEED PREHEAT EXCHANGER INLET -0.210
( . CONVERTER A1STBED44B TWS 0.210

% Setlstr Deseription ~ vt £ T T e i ik e - oo | Boading
18T BED CONVERTER H2 Output . 0.289
CONVERTER A MIDBED EXCHANGER DELTA PRESS 0.237
H2/FEED RATIO 1ST BED 0.232
ACET CONV A MIDBED Output 0.228
CONVERTER A 1ST QUTLET 0.226
CONVERTER A 18T QUTLET TC2 0.217
CONVERTER A 18T OUTLET TC3 0.217
CONVERTER A 18T OUTLET TC1 0.216
ACET CONV FEED 0.198
CO INH2 PRODUCT -0.192
3.

P it Sensor PSRt 5 CBRE

ACT CNVFD HTR OUT

CONVERTER A 1ST BED INLET

. ACT CONV FD HTR OUT TEM
(\ CONVERTER A 18T INLET

CONVERTER A 1ST BED 44A TW3
CONVERTER A 2ND BED 43A TW2
ACET CONV A MIDBED
CONVERTER A 2ND BED 43C TW5
CONVERTER A 2ND BED 43B TW4
CONVERTER A 2ND INLET




C2= SPLI TTER REBO LER BTU CONTROLLER 0. 255 | NTER REFLUX/ FEED RATI O 0. 253

MBE23 DUTY 0.252 SPLITTER BOTTOVS 0.246 SPLI TTER REFLUX FLCO
SPLI TTER BTM DP 129-150 0.183 C2= SPLI TTER BOTTOVS C20 ( FEED)

0. 244
0. 164

MATERI AL BALAWOR0GD29%8PL|I TTER 0. 162 3. Product Quality :: Pensomiidongi n
7 OLEFI NS RECOVERY TRAI N C2= PROD - 0. 259.9¢#P ETHYLENE PROD -0.258 C

SPLI TTER C2= PRCD -0. 243 C2= VAPOR PRCDUCT -0.209 C2= PRODUCT -

0. 199

SPLI TTER BOTTOWS 0.194 SPLITTER BOTTOWS 0.194 SPLIT LVL TO SP526 0.191

MATERI AL BALANCE C2=_SPLITTER -0 188 . SPLITTER C2= PROD Qut pllf

=0.184

A

on

20061029290 PéTI Gaand BesbCoaversdan ad Energy_Bal ance Sensbir' Deseri’

jw .. rr. Lopti BenstiBesdiBeR . PRODUCT. FiCOD: Z4%s.; Co:"VAPCR PF

ETHYLENE PROTCONVERTEHR ENDBEDNSERAS 0. 222  PROP FROM ETHY HTR O.

PRCD LOW TEMPCOMRBROEREINAL FEEBEXCHANGRIINKET COOLER
CONVERTER A 2ND QUTLET TC3
CONVERTER A 2ND BED OQUTLET
CONVERTER A 2ND OUTLET TCH
CONVERTER A 2ND OUTLET TC2
CONVERTER A 2ND BED 43B TwW4
CONVERTER A 18T BED INLET
ACT CNV FD HTR OUT
ACT CONV FD HTR OUT TEM

-0.267
-0.264
-0.263
-0.263
-0.263
-0.2587
0.237
0.234
0.219

HP

ETHY



COLEFI NS RECOVERY TRAIN C2= PRCD -0.154 HP ETHYLENE PROD SPLTTER C2= PROD
Qutut -0.154 -0.149 5. Bottons Ener Bal ance "~.Lbadtrt C2= SPLITTER

REBO LER SHELL OUT -0.369 ETHY SPLIT REB FD -0.368 SPLI TTER REBO LER A
SHELL LEVEL -W0386/02438%.1 TTER REBO LER B SHELL LEVEL - 0. 334pC1352006/@3508% TR
REBO LER Qut put 0.215 SPLITR H P RBLR I NyQut put -0. 214 C2= SPLI TTER ENERGY
BALANCE 0.187 SPLITR H P RBLR IN C2= SPLTTER H P REBO LER -0. 156 -0.156
SPLI TTER HI P REBO LER HEAT -DUTY -0. 144 6. Et hyl ene Refri geration Bal ance

S e~SbrDss~1 htiri ~ b:. =~ S~ -r~r-~r. .. Vva~_ SPLITTER OvHD COND
VAPOR 0. 451 SPLITTER O\/HD CO\ID VAPOR PRE%’D 424 ETHY STLTR VNT CND Qut put

-0.417 SPLITTER OVHD COND FaRGeh BEidip ﬂ@%m‘tﬁﬁw STLTR VNT CND

Qut put 0.203 C2= RECYC TQiRenBfst 48 Prin T PoSiihBOX 0.174 RECY
ETHY FROM SPLI TTER OVHD COND 0. 165 ETHY SPLIT REB FD 0.131 C2= SPLI TTER

REBO LER SHELL OUT 0.130 7. Tenperature Pr Ofl | e
1. ‘Pressure Balance

. SemsorDescription -~ ¢ G ma i id. o w &L ¢ C L . [ Loading

SPLITTER FEED -0.223

SPLTR HIP RBLR VAP -0.222

C2=TOBL_FEED_FL -0.212

ETY SPLT REFLUX DR -0.204

SPLITTER MID DP 1-113 -0.200

SPLITTER REFLUX FLCO Qutput -0.197

SPLITTER MID DP 32-113 -0.197

SPLTRHIP RBLR IN -0.185

(' - OUTLET BTM DRAW OFF -0.184

SPLTR TRAY 116 -0.183
2. | Feed Rate

S Discripon T B b % S W i b e
C2= SPLITTER TOTAL HEAT IN 0.257
C3=TO SPLTR REEBOILER 0.256
C2= SPLITTER REBOILER BTU CONTROLLER 0.255
INTER REFLUX/FEED RATIO 0.253
MSE23 DUTY 0.252
SPLITTER BOTTOMS 0.246
SPLITTER REFLUX FLCO 0.244
SPLITTER BTM DP 129-150 0.183
C2= SPLITTER BOTTOMS C20 {FEED) 0.164
MATERIAL BALANCE C2= SPLITTER 0.162
3. | Product Quality
wSensorBei‘gnp Homer - . T w0 . ORWhe e | Loading |
OLEFINS RECOVERY TRAIN CZ- PROD -0.259
) HP ETHYLENE PROD -0.258
Q . SPLITTER C2= PROD -0.243
= C2=VAPOR PRODUCT -0.208
C2= PRODUCT -0.199
SPLITTER BOTTOMS 0.194
SPLITTER BOTTOMS 0.194
SPLIT LVL TO SP526 0.191
MATERIAL BALANCE C2= SPLITTER -0.188

SPLITTER C2= PROD Qutput -0.184



Sensorfescau bon' ;. - Loadan' :" C2= SPUTTER H P REBO LER -0.338 SPLTR

H P RBLR VAP 0.321 (C2= SPLITTER BOTTOMS C2 PRODUCT 0.294 PROP COW 4TH STG
DISC 0.248 SPLITR HHP RBLR IN Qutput -0.214 C2 SPUTTER OvHD COND B VALVE
DP 0.194 OvA®D BONEERMRCE TO PGPU 0. 186 MSPLI TTER REFLUX vehNR2dekl306aN TEMP
0.161 C2= SPLITTER BOTTOVS C20 (FEED) -{p2159 C2 SPLI TTER OVvHD COND A LO
OVERRI DE SEL CQut put -0.144 WD 20061029290 -93- PCTI US2005/ 032093 F;

3BOQual ity V nsoxbesri lion ,- "oadirl™ SPUTTER BTM5S SUPERHEAT CTRL OR

Qut put -0.38 SPUTTER_BIMS C2 PRONCT Q0._353 (2= SPUITER BOITOVS SUPERHEAT
CTRL OR Qut pu4 Owugyhead/Eag Bad®n¢a TER BTVS OUTLET - 0. 238 SPUTTER
BOTTOVS Cut put _Serid@Bes dER BINS SATURATI ON TEWP 40,283 ~r'E FHANEo
0.181 2 PRC@MBORIPRGDQCI@CCIZZ SPUTTER BOTTOMS C2 PRCDUCT -0.2
SPLTR REFLUX CXNOVEPOR.PRJFDUBT Reflux Balance 1 :' |.oai il-;11k. 088%TR
REFLUX CND B 9P 43HYLERETFRGEBFLUX CND A 0.466 C2= PRCD FROVI MSD14p@3154
OVvHD COND PURGEETAYPEREH FR@67 C2= SPLI TTER BOTTOMS C2 PRODUCT - 00289

PROP FROM ETHY HTR _ 0.217
ETHY PROD LOW TEMP OVRD Output -0.185
C2=PRODUCT -0.174
OLEFINS RECOVERY TRAIN C2= PROD -0.154
HP ETHYLENE PROD ’ -0.154
SPLITTER C2= PROD Qutput : -0.149
5. | Bottoms Energy Balance
. -BenisbrDesoriptions,, . T g, ~Rasie™ e, e 0 Al - B Loading ™
C2= SPLITTER REBOILER SHELL ouT -0.369
( - ETHY SPLIT REB FD -0.368
- SPLITTER REBOILER A SHELL LEVEL -0.337
SPLITTER REBOILER B SHELL LEVEL -0.334
C3=TO SPLTR REBOILER OQutput 0.215
SPLITR HIP RBLR IN Quiput -0.214
C2=SPLITTER ENERGY BALANCE 0.187
SPUTR HIP RBLR IN -0.158
C2= SPLITTER HIP REBOILER -0.156
SPLITTER HIP REBOILER HEAT DUTY -0.144
6. | Ethylene Refri eration Balance -

i SeHsor DESGRpHOn ™ . . TE g Vess. o BEugs ol "R, - R L oading
SPLITTER OVHD COND VAPOR 0.451
SPLITTER OVHD COND VAPOR PRESS 0.424
ETHY STLTR VNT CND OQutput 0417
SPLITTER OVHD COND VAPOR PRESS Output -(.359
ETHY STLTR VNT CND Qutput 0.203
C2=RECYC TO COLDBOX 0.192
C2=RECYC TO COLDBOX 0.174

( RECY ETHY FROM SPLITTER OVHD COND 0.165
b ETHY SPLIT REB FD 0.131
C2= SPLITTER REBOILER SHELL OUT 0.130

7. l Temperature Profile

isiSensor Degeniptiont., 4w . 1?7 wR, 7 " oVA k8 ol Loading®
(2= SPLITTER H!P REBOILER -0.338
SPLTR HIP RBLR VAP 0.321
C2= SPLITTER BOTTOMS C2 PRODUCT 0.294
PROP COMP 4TH STG DISC 0.248
SPLITR HIP RBLR iN Ouiput -0.214
C2 SPLITTER OVHD COND B VALVE DP 0.194
OVHD COND PURGE TO PGPU 0.186
MSPLITTER REFLUX PUMP SUCTION TEMP 0.181
C2= SPLITTER BOTTOMS C20 (FEED) -0.159

C2 SPLITTER OVHD COND A LO OVERRIDE SEL Output -0.144



C2= SPUTTER HI P REBO LER 0. 163 SPLTR H P RBLR VAP -0.142 ETHANE PRODUCT
0.132 MSPLI TTER REFLUX PUMP SUCTI ON TEMP 0. 132 SPLITR HI P RBLR I N CQut put
0.123 10. Overhead Propylene Refrigeration , In C2= PROD FROM MsD14 0. 268
SPLTR REFLUX ERD®B/0292263 SPLTR REFLUX CND A 0.232 ETHY SRipdsiphdRiskdes 0. 197
C2= SPUTTER REBO LER SHELL QUT 0.196 SPEBFTR HI P RBLR IN Qutput -0.187
SPLITR HP RBLR IN -0. 185 C2 SPUTTER OvHD COND A LO OVERRI DE SEL 6@ut put
0.181 2 SPUTTER OvHD CC]\ID B LO OVERRI DE SEL Qut put 0. 173 CZ SPUTTER HI P
REBO LER - 0. ! —
Hydr ogen Dry ) Q“@iﬁfoonents Wth Sensor Title and Pr| nci _pal
Conponent  LaadiSnsot DesFeptivgt af ur.e, Profile Seri &:Descri =4 iom " " Loddioddi t i
METHANATOR 4 BPLTWER BT6 SURERHENATORL OFD Ottt - 0. 263 VETHANATOR -QBB4 ET
-0.260 METHSRATOERIBTUMS\E2 PRORBOT METHANATOR 42D, TWB - 0. 260 METHESSATOR 42A

TWB -0. 259 NEZHSMATHER BOBTOWES SOPRRHEEAT CTRL OR Qutput 0.239
EPW C20 AT SPLITTER BTMS OUTLET , -0.238
SPLITTER BOTTOMS Output 0.234
SPLITTER BTMS SATURATION TEMP -0.233
ETHANE PRODUCT 0.181
C2 PROD TO B LIMIT 0.162
C2= SPLITTER BOTTOMS C2 PRODUCT -0.150
SPLTR REFLUX CND B -0.137
9, | Reflux Balance
_ ;1 SENSOrDOSORpHon W oo B vt e e Wk ot B Wi i) Loadmp |
SPLTR REFLUX CND B 0. 467
(‘ ) SPLTR REFLUX CND A 0.466
C2=PROD FROM MSD14 - 0.454
OVHD COND PURGE TO PGPU 0.267
C2=SPLITTER BOTTOMS C2 PRODUCT -0.169
C2= SPLITTER HIP REBOILER _ 0.163
SPLTR HIP RBLR VAP -0.142
ETHANE PRODUCT 0.132
MSPLITTER REFLUX PUMP SUCTION TEMP 0.132
SPLITR HIP RBLR IN Quiput 0.123
10. | Overhead Propylene Refngeratlon
[¥ . ReROr Desor O,y 7 0 T van e e e Sonn S
“C2= PROD FROM MSD14
SPLTR REFLUX CND B
SPLTR REFLUX CND A

ETHY SPLIT REB FD

C2= SPLITTER REBOILER SHELL OUT
SPLITR HIP RBLR IN Output

SPLITR HIP RBLR IN .
C2 SPLITTER OVHD COND A LO OVERRIDE SEL Oufput 0.181
C2 SPLITTER OVHD COND B L.O OVERRIDE SEL Output 0.173
C2= SPLITTER HIP REBOILER -0.168

~



METHANATOR 42B TW2 -0. 254 METHANATOR QUTLET TC2 -0.252 UNMVETH H2 MOL WI
0.244 2. Pressure Bal ance BHLA H2 HEADR PRES -0.301 METH COCLER K 0 DR
-0.299 H2 TO BPLA -0.295 METHANATOR FEED -0.288 H2 DRI ER PRODUCT -0. 288
OLEFI NS RECOWiiRYood/fsedd H2- >EPSI BS/ RESI NS - 0. 285 H2 BYPASIIghG dyhokosdusst OR
©0.270 UNMETH H2 TO FUEL -0.261 M N OCEMiH #4FD DRM PRESS - 0. 212
METHANATOR OUTLET EXCHANGER DELTA PRESS 0.171 3. Feed Rate Sa. ASe2~QlD8. 1V
tOn * y"kn ',., [ry |-?pbnl a."LVF. ~ rr. METHANATED H2 PRODUCT 0. 334
METHANATOR QUTLET EXCHANGER DELTA PRESS 0. 323 H2 BYPASSI NG METHANATOR
-0.315 H2 FLOW THROUGH REFI NERY HDR 0.Bgitle 8 N DEMTH #4FD DRM PRESS 0. 285
M N DP ACROSS SVALL 8fthkirhtoylavidOHZdEo eﬁwﬁ@mﬁ]’ olibid9 EXCHANGER

Qut put 0.216 H2 BYPASSI N@itlIsddonty @P al ddmpbeh HL&& A -0.201
METHANATOR COLDBOX TEMPERATURE 0. 180 WO 20061029290 PCTI US20051032093 95- 4.

Product Energy Bal ance Seasoi Bascn' holy as r ...:: ... MCO TEMPERATURE
0.384 1. | Temperature Profile
;‘ Serisok Description .+ & ¢ &c = 7 Gl ¢ L | Loading
METHANATOR 42C TW4 -0.263
METHANATOR 42D TW5 -0.263
METHANATOR OUTLET -0.260
METHANATOR 42C TW3 -0.260
METHANATOR 42D TW3 -0.260
METHANATOR 42A TW3 -0.259
METHANATOR 42B TW3 -0.259
METHANATOR 42B TW2 ~0.254
(- METHANATOR OUTLET TC2 -0.252
_UNMETH HZ MOL WT 0.244
2. | Pressure Balance
0 Sensofesoripon "0 e . B . gk

BHLA H2 HEADR PRES

METH COOLERK O DR

H2 TO BPLA

METHANATOR FEED

H2 DRIER PRODUCT

OLEFINS RECOVERY TRAIN H2->EPS/BS/RESINS
H2 BYPASSING METHANATOR

UNMETH H2 TO FUEL

MIN DEMTH #4FD DRM PRESS
METHANATOR OQUTLET EXCHANGER DELTA PRESS
3. | Feed Rate
i *Sen’s"qﬂ)é’%ﬁmphm B g T R S

METHANATED H2 PRODUCT
METHANATOR QUTLET EXCHANGER DELTA PRESS

( _ H2 BYPASSING METHANATOR

H2 FLOW THROUGH REFINERY HDR

MIN DEMTH #4FD DRM PRESS
MIN DP ACROSS SMALL CO FEED VLV 3
STEAM TO METHANATOR FEED EXCHANGER Qutput 0.216
H2 BYPASSING METHANATOR 0.208
H2 TO BHLA/SHLA -0.201

METHANATOR COLDBOX TEMPERATURE 0.180



H2 DRI ER PRODUCT 0.372 H2 I NLET TO FI NAL CONVERTER FEED EXCHANGER 0. 343
METH H2 COOLER OUT 0.297 M DDLE METHANATOR QUTLET EXCHANGER WATER OUT 0. 277
METHANATOR DUMP TO FLARE 0. 267 CHI LLED METH H2 0.230 METH HZ2 FROM
METHANATOR OWO ED6EXEHMANCER 0. 225 C2= FROM MC2R OUTLET 2Ngrmdiasimts 0. 191
METHANATED H2 MOL WI' -0.157 5. Feed Quabgs-0,.E GO IN H2 PRODUCT -0.579
CONVERTER BED #1 CO FB -0.571 1ST BED CONVERTER H2 0.241 H2 BYPASSI NG
METHANATOR -0.186 STEAM TO METHANATOR FEED EXCHANGER -0. 176 METHANATED H2

PRODUCT 0.1 CO I N NETHANATOR EEED -0.147  NETHANATOR 42A TW -0_146
METHANATOR FHEED Rmduct)En:eBgymhmme 42B TW -0.127 6. Product ualil pp
yyam-.. . NELL SengorDeseriptidn. 1". 11 r-1de 2 % PP pga oy fi g 2 lalr

"~y (18ﬁEaD{I‘EMREH}MFE’JERE?EACTCR o FLOWTO 1ST BED -0.393 T2 SI NG
METHANATOR 0 HZTORIERZPIROOMETO MAPD REACTOR 2ND BED - 0. 351  METHANATER H2
PRODUCT - 0. 33 INVETHIGNARAR COMNVIERHR ESEERXTHNGERO3  CONVERTER BEg#3#1 CO FB
-0.275 CO | M ARODGIER OLA73 H2 TO BHLAI SHLA -0.261 H2 FLONJ$ROUGH

REFI NERY HDRMIDDRESETHANATOR QUTLET EXCHANGER WATER QUT 0.277
METHANATOR DUMP TO FLARE 0.267
CHILLED METH H2 0.230
METH H2 FROM METHANATOR QUTLET EXCHANGER 0.225
C2= FROM MC2R OUTLET 2ND EXCHANGER 0.191
METHANATED H2 MOL WT -0.157
5. | Feed QuahtL

[ Sengor DesoriphoN s, kg it fe e W PRy g, olds Boading
CO IN H2 PRODUCT -0.579
( . CONVERTER BED #1 CO FB -0.571
1ST BED CONVERTER H2 0.241
H2 BYPASSING METHANATOR -0.186
STEAM TO METHANATQOR FEED EXCHANGER -0.176
METHANATED H2 PRODUCT 0.158
CO IN METHANATOR FEED -0.147
METHANATOR 42A TW1 -0.146
METHANATOR FEED TEMP -0.138
METHANATOR 42B TW2 -0.127

LProduct Quality _

T SerSor DESCHpHonE: . m . Ev . akg i Rigs o Sem. Wby o LOAGIE.
MAPD REACTOR H2 FLOW TO 18T BED -0.393
H2 BYPASSING METHANATOR 0.377
H2 FLOW TO MAPD REACTOR 2ND BED -0.351
METHANATED H2 PRODUCT -0.315
METHANATOR COLDBOX TEMPERATURE 0.303
CONVERTER BED #1 CC FB -0.275
CO IN H2 PRODUCT -0.273
(. H2 TO BHLA/SHLA -0.261
H2 FLOW THROUGH REFINERY HDR -0.206
1ST BED CONVERTER H2 -0.193

LHydrogen Demand

l:  “SensérDeseiiptlon | T ™  he a0 e T Fery [ Lopding, |
H2 FLOW TO MAPD REACTOR 2ND BED 0402
CHILLED METH H2 0.353
MAPD REACTCOR H2 FLOW TO 1ST BED 0.323
METHANATOR DUMP TO FLARE -0.270
METHANATED H2 MOL WT 0.254
C2= FROM MC2R OUTLET 2ND EXCHANGER 0.253
STEAM TO METHANATOR FEED EXCHANGER 0.228
METHANATOR FEED TEMP 0.205
MIN DP ACROSS SMALL CO FEED VLV 0.196

H2 DRIER PRODUCT -0.181



1ST BED CO\IVERTER H2 0 193 7. H drro en Demand |V :r. San~va' Desert 1llaz~
~!' R ~ "t Loadln-. . H2 FLOWTO
I\/APD REACTCR 2ND BED O 402 CHI LLED I\/ETH H2 0 353 MAPD REACTOR H2 FLOW TO
A1ST BED 0. 3230 MadeRWIOR DUVP TO FLARE - 0270 METHANATED rdZnszbos)082003 254
C2= FROM MC2R OUTLET 2ND EXCHANGER 0. 253. 9§TEAM TO METHANATOR FEED EXCHANGER
0.228 METHANATOR FEED TEMP 0.205 M N DP ACRCSS SVMALL CO FEED VLV 0.196 H2
DRI ER PRODUCT -0.181 WO 20061029290 PCTI US20051032093 -96- 8. Feed
Tenperature 1. .0OSdltl NMETHANATOR FEED TEMP Q 635 STEAM TO METHANATOR FFED

EXCHANGER 0. 584 mdmeaw __ 192 _CO\IVERTER BED #1 CO FB -0.155| H2

FLOW THROUGH|

PRODUCT 0. 12 i 114638
TEMPERATURE OSiﬁﬁM ™ NWITH’(APWT@FNBEED Exmmmm .. PR W ,. . aps64
Sensor T~ CO IN H2 PRODUCT -0.192
CONVERTER BED #1 CO FB -0.155
H2 FLOW THROUGH REFINERY HDR 0.141
METHANATOR DUMP TO FLARE 0.122
H2 DRIER PRODUCT 0.122
CHILLED METH H2 -0.121
METHANATED H2 MOL WT -0.114
MCO TEMPERATURE 0.108

9. | Hydrogen Mass Balance
o Sensor DeCrption ;. - v a B ook gk B U T SRR [T
METHANATOR DUMP TO FLARE
( ) H2 FLOW TO MAPD REACTOR 2ND BED
- METH H2 COQLER QUT
METH H2 FROM METHANATOR OUTLET EXCHANGER
MAPD REACTOR H2 FLOW TO 18T BED
H2 INLET TO FINAL CONVERTER FEED EXCHANGER
H2 DRIER PRODUCT
1ST BED CONVERTER H2
MIN DP ACROSS SMALL CO FEED VLV
H2 DRYER B INLET

10. | Product Temperature Balance _

52, SonsoT DECCPIRNG ;- o B0 b ame w0l o o ST TABSE DA
C2= FROM MC2R OUTLET 2ND EXCHANGER -0.522
~ C2=DESUPERHEATER C2R OUTLET 2ND EXCHANGER 0.417
CHILLED METH H2 -0.318
ETHY IN H2 PRODUCT 0.246
METHANATED H2 MOL WT ' 0.235
UNMETH H2 TO OXO 0.225
METHANATOR COLDBOX TEMPERATURE 0.215
L C2= DESUPERHEATER C2R OUTLET 2ND EXCHANGER Output 0.202
. METH H2 FROM METHANATOR OUTLET EXCHANGER 0.178

METHANATOR DUMP TO FLARE 0.141



METHANATOR DUWMP TO FLARE 0.396 H2 FLOW TO MAPD REACTOR 2ND BED 0. 346 METH

H2 COOLER QUT -0.330 METH H2 FROM METHANATOR OUTLET EXCHANGER -0.326 MAPD

REACTOR H2 FLOW TO 1ST BED 0.250 H2 I NLET TO FI NAL CONVERTER FEED EXCHANGER
-0.235 H2 DRERWEROBMCT 0. 218 1ST BED CONVERTER H2 - 0. 1®€T/082005D52093CROSS

SMALL CO FEED VLV 0.190 H2 DRYER B I NLET9D-178 10. Product Tenperature

Bal ance SeRaorD et h" n 4 3 .oadm'Al C2= FROM MC2R OUTLET 2ND EXCHANGER

-0.522 (C2= DESUPERHEATER C2R QUTLET 2ND EXCHANGER 0. 417 CHI LLED METH H2

-0.318 ETHY IN H2 PRODUCT 0.246 METHANATED H2 MOL WI 0.235 UNMETH H2 TO
OXO 0.225 NETHANATOR COLDBOX TEMPERATURBbE $15 (2= DESUPERHEATER C2R
OUTLET 2ND EXCHANGER Qut put Depd@pamizatPrigcipabiobiplin®iéd OR OUTLET EXCHANGER
0.178 METHANATOR DUMP TOwWHRihASSisod Tidklan\Prid QP8 IRRAD a6t PGTEihiS2 0051032093
Tabl e 9 Depropani zer Principal Conponents Wth Sensor Title and Princi pal

Conponent Loading 1. Feed Rate Seusor-Descébtint. as rc ', n:: Toadin
BOTTOMS TO DEPROF&adRate DEPROD REFLUX Qut put 0. 254
" Sensor Description . - TRR o Berpme - BFVo . EERC T 1T oading
DEETH BOTTOMS TO DEPROP 0.270
PEPROP REFLUX Output 0.254
DEETH BTMS Output 0.254
DEETH BTMS 0.250
DEPROP TRAY 35 0.242
DEETH BTM TO DEPROP 0.241
DEPROP BOTTOMS Output 0.235
DEPROP TRAY 45 0.226
- DEPROP BTM PRESS 0.223
( DEPROP BOTTOMS 0.219
2. | Bottoms Energy Balance
e, Sensor DesCrbtion =% w0 TV B L somale i e e sas e | _Joading.
DEPROP REBOILER INLET -0.351
DEPROP REBLR INLET -0.334
DEPROP TRAY #47 TEMP -0.302
DEPROP TRAY 45 -0.258
DEPROP REBOILER STM 0.251
MDEPROP OUTLET TEMP -(.220
DEPROP TRAY 36 -0.209
DEFPROP BTM PRESS 0.201
DEETH BTM TO DEPROP -0.188
DEPROP TOTAL DELTA P 0.196
3. | Overhead Energy Balance
. SR Desoripohe, . . T By R T
MDEFPROP QUTLET TEMP 0.385
DEPROP TRAY #7 TEMP 0.309
(‘ _ DEPROP REBOILER QUT 0.300
DEPROPANIZER OVHD TEMP 0.284
DEPROP REFLUX 0.278
DEPROP REBOILER STM 0.243
DEPROP REBOILER CONDENSATE 0.235
DEPROP BOTTOMS -0.223
DEPROP TOTAL DELTA P 0.213
. DEPROP REBOILER ST PHCO 0.185
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DEETH BTMS CQut put 0.254 DEETH BTMS 0. 250 DEPROP TRAY 35 0.242 DEETH BTM
TO DEPROP 0.241 DEPROP BOTTOMS Qut put 0.235 DEPROP TRAY 45 0.226 DEPRCP
BTM PRESS 0. 223 DEPROP BOTTOVS 0.219 2. Bottonms Energy Bal ance =? sS atl
2s8tfpfitm .wo&p06/029290 z., s ., Load i g. DEPROP REBO LER1AM2606/038h9851
DEPROP REBLR | NLET -0.334 DEPROP TRAY #AG83 TEMP - 0. 302 DEPROP TRAY 45
-0.258 DEPROP REBO LER STM 0. 251 MDEPROP QUTLET TEMP -0.220 DEPROP TRAY
35 -0.209 DEPROP BTM PRESS 0.201 DEETH BTM TO DEPROP -0.198 DEPROP TOTAL
DELTA P 0. 19 3 Overhead Fnerqy Balance NDEPROP QUTLET. .TEMP Q385 DEPROP
TRAY #7 TEMP| 4. :}@veﬂmlﬂﬁﬁﬂllmaw 0. 300 DEPROPANI ZER OVHD TEMP 0| 284
DEPROP REFLUX_0:S28n8r Ddstripil® REBCOI LER 'STM 0- 23‘38 :DEPRGP REB@I4: ER_CXINMRSISNTE
0.235 DEPROPVBODTRBACTORZNVPROEINRGFOEIGL DELTA P 0. 213 DEPROP REB@ LER ST

P)

PHCO 0. 185  DEPROP REFLUX DRUM -0.343
DEPROP OH TO FLARE -0.313
DEPROP OVERHEAD -0.293
MAPD REACTOR HYDROFINER FD FLC] Qutput -0.275
DEPROP TRAY 7 -0.251
DEETH BTMS Output 0.229
DEPROPFANIZER OVHD TEMP -0.202
DEPROP REBOILER CONDENSATE 0.184
DEPROP TRAY #7 TEMP . -0.184
(.



WO 2006/ 029290 PCTI US20051032093 -98- 4. Overhead Material Bal ance Sensor
Descri tion; .,<. ": oa MAPD REACTOR HYDROFI NER FD FLCl -0.414 DEPROP
REFLUX DRUM -0.343 DEPROP OH TO FLARE -0.313 DEPROP OVERHEAD -0.293 MAPD
REACTOR HYDROROMERSTD FLCI CQutput -0.275 DEPROP TRAY 7 »@125keséEREH BTVS
Qut put 0.229 DEPROPANI ZER OVHD TEMP -®9202 DEPROP REBO LER CONDENSATE
0.184 DEPROP TRAY #7 TEMP -0.184 C WD 2006/ 029290 PCT/[ 152005/ 032093 - 99-
Tabl e 10 MAPD Hydrofiner Principal Conponents Wth Sensor Title and

Princi pal Conponent Loading 1. Cuar d Tenperature Profile

Senwpr DDcscri . tibta" ~ ' MAPD REA ¥ c BED TEMP TWL8 -0.140 MAPD
REACTOR GUARD OUTLET TEAMARDIMromDPRMMmmm TEMP TWL4 -0. 139
MAPD REACTORAI B/ C BED TWith Sex3or] Bifle and"Bindiial\CoopdvieBt Ihadi@ TWL7 - 0. 136 MAPD
REACTORA/ B/ C BED TWL4 -0.135 MAPO REACTORA/ B/ C BED TWL5 -0.135 MAPD
REACTORAI BLC BED TWI8 -Q 135 _F MAPD REACTCR (FUARD QUTIEFT TC1 -0Q.135

1. | Guard Bed Tem]:_berature Profile

. SensorDlescripfion, % 0 ® L0k % amm . - © | loading®
VAPD REACTORAIETC BED TEWS TW18 =0.140
MAPD REACTOR GUARD OUTLET TEMP -0.140
MAPD REACTORA/B/C BED TEMP TW14 -0.139
MAPD REACTORA/B/C BED TW16 -0.136
MAPD REACTORA/B/C BED TW17 -0.136
MAPD REACTORA/B/C BED TW14 -0.135
MAPD REACTORA/BI/C BED TW15 -0.135
MAPD REACTORA/B/C BED TW18 -0.135
C MAPD REACTOR GUARD OUTLET TC1 -0.135

MAPD REACTOR GUARD QUTLET TC2 -0.135

2. | Lead Bed Conversion o ‘ |
%ﬁﬂsﬁf«ﬂ%ﬁ@ﬁ@ﬂm t,, S g ﬁki‘ %a; ‘er e ‘ﬁ‘rq"-_'-;p%"ﬁ:?w' _\%ww’ﬂ:“_% % ’::‘ Léad’jng‘@e-

HYDROGEN TO HF ~0.185
COS ADSORBER BED DP . -0.167
RERUN TOWER FEED STM VAPORIZER -0.162
MAPD REACTOR LEAD BED 1ST SPREAD -0.158
MAPD REACTOR LEAD QUTLET TEMP 0.156
HYDROFINER INLET TEMP -0.155
MAPD REACTORA/B/C BED TEMP TW01 -0.154
MAPD REACTORA/B BED TEMP TW18 0.149
MAPD REACTORA/B/C BED TW02 -0.148
MAPD REACTORA/B/C INLET TEMP -0.146
3. | Midbed Quahty -
T Kenshr Discription &~ & o & & - % % e B ook amn| B oagng o
MAPD REACTORA/BIC [ NLET PRESSURE -0.186
L. MAPD REACTOR OUTLET PRESS -0.183
( ' MA IN H/F MIDBED -0.182
PD IN H/F MIDBED -0.180
COS ADSORBER BED OUTLET -0.175
MAPD REACTORA/B INLET PRESSURE -0.188
H2 FLOW TO MAPD REACTOR 2ND BED Qutput - -0.164
MAPD REACTORA/B LEVELS SKIN TEMP 0.163
MAPD REACTOR HYDROFINER FD FLCI Qutput -0.158

MAPD REACTORA/B LEVELS SKIN TEMP 0.1567



_MAPD REACTOR GUARD QUTLET TC2 -0.135 2. Lead Bed Conversion

‘ehs3r, |1 Ze22awi '; on :J," HYDROGEN TO HF -0.185 COS ADSORBER BED DP -0. 167
RERUN TONER FEED STM VAPORI ZER -0. 162 MAPD REACTOR LEAD BED 1ST SPREAD
_-0.158 MAPPO 2894079288 LEAD OUTLET TEMP 0. 156 HYDROFI NER HOQWAESEOORERM93 0. 155
MAPD REACTORA/ B/ C BED TEMP TW1 -0. 154100VAPD REACTORAI B BED TEMP TW 18 0. 149
MAPD REACTORAI B/ C BED TW)2 -0. 148 MAPD REACTORAI B/ C | NLET TEMP -0. 146 3.

Mdbed Quali ? - '~ ., r,'3" .. 1.oafll71 MAPD REACTORA B/C | NLET
PRESSURE - -1 M . 0 - AN . 0. 182
PD IN H F j.DBEressureddalance ADS ' -Q,.175 NAPD REACTOFW B

| NLET PRESSURBEns@ Dbbdiptiee FL OW: £Q-NAPD. REACEOR::2ND. BER: QUt putf~Loatigsd | MAPD

REACTORAB LMAVEDREXMITOR/EMPUTLEIEBRESB\PD REACTOR HYDROFI NER FD FL-GI126Qut put
-0.158 MARDYIREAEINBRAOBTLEVEL8 SKIN TEMP 0. 157 WD 2006/ 029290 -0.258

PCT/ US2005/ MAPDREACTAR QUTAETPRESSUr e Bal ance .~ 8dhS0i nD*gPS jid84. -, , 777
Y, , FLoaBi r i MARBREARHARARC DUETPRESRSE - 0. 260 HYDROFI NER OUTL-ER310. 258
RERUN TOWER FEED QW VAPORIZER -0.221
COS ADSORBER BED QUTLET -0.208
MAPD REACTORA/B INLET PRESSURE -0.205
C3 HYDROFINER FEED 01477
MAPD REACTOR HYPROFINER FD FLCI Output ~(.165
MAPD REACTORA/B/C INLET TEMP -0.165
5. | Recycle Feed to Reactor
- rSensorDescripfioftgl s oL R T UUVER Y - B oToading &
MAFD REACTORA/B BED TW11 -0.274
( ' MAPD REACTORA/B BED TW02 -0.265
MAPD REACTOR C3 RECYCLE TO FEED 0.249
MAPD REACTOR C3 RECYCLE TO FEED Output 0.208
C3 HYDROFINER FEED 0.185
MAPD REACTOR H2 FLOW TO 18T BED Output 0.181
MCOS ADSORBER BED BOTTOM ~0.171
MAPD REACTORA/B INLET TEMP -0.167
DEPROP REFLUX -0.167
MAPD REACTORA/B BED TW(1 -0.168
6. | Lead Bed Selectmty
_ “Fifensor Destription Mebe - g, . Figds o UFMEEEr - VT RRoadides
MAPD REACTOR TOTAL SELECTIVITY 0.262
MAPD REACTORA/B BED TW01 0.218
MAPD REACTORA/B/C BED TW02 0.205
MAPD REACTORA/B/C BED TW11 0.197
MAPD REACTORA/B BED TW10 0.193
MAPD REACTOR LEAD BED 2ND SPREAD 0.189
MAPD REACTOR LEAD BED 6TH SPREAD 0.186
{ HYDROFINER OQUTLET Qutput -0.186
L MAPD REACTORA/B INLET TEMPERATURE 0.180
MAPD REACTOR C3 RECYCLE TO FEED 0.166
7. | Guard Bed Conversion
" Sensor Description . o . . e LR s e Loading,
MAPD REACTOR LEAD BED 2ND SPREAD -0.244
MAPD REACTORA/B BED TW10 -0.242
MAPD REACTOR TOTAL SELECTIVITY 0.235
MAPD REACTOR LEAD BED 6TH SPREAD -0.231
MAPD REACTORA/B BED TWH -0.229
MAPD REACTORA/B/C BED TW11 0.220
MAPD REACTORA/B/C BED TW02 0.217
MAPD REACTORA/B BED TW05 -0.176

MAPD REACTOR - QNCH H20 TO MAPD REACTOR OUTLET COOLER 0.169
MAPD REACTOR LEAD SELECTIVITY 0.152



MAPD REACTCOR OUTLET PRESS -0.234 NAPD REACTORA/ B/ C | NLET PRESSURE - 0. 231
RERUN TONER FEED QW VAPORI ZER -0.221 COS ADSORBER BED QUTLET -0.208 MNAPD
REACTORAI B | NLET PRESSURE -0.205 C3 HYDROFI NER FEED -0.177 NMAPD REACTOR
HYDROFI NERvé&BudlogdzeqCut put - 0. 165 MAPD REACTORAI B/ C | NECTHAJ820M3/031931 65 5.
Recycl e Feed to Reactor Seiurpeson rk goitk | ?Loadin MAPD REACTORA/ B BED
TW 1 -0.274 6 NMAPD REACTORA/B BED TWX2 -0.265 MAPD REACTOR C3 RECYCLE TO
FEED 0. 249 MAPD REACTOR C3 RECYCLE TO FEED CQutput 0.208 C3 HYDROFI NER FEED
0.185 MAPD REACTOR H2 FLONTO 1ST BED Qutput 0.181 MCOS ADSORBER BED
BOTTOM - 0. SY}IEM@M@RA/B | NLET TEMP -0. 167 DEPRCP REFLUX -0. 167 MAPD

REACTOR’AIq BichshVPlsorplion5Y -0~ Load " Bed, 36| 66T Ve ., Fo~0r T YE i oamh o : -
is.. -... WMAPHREACTOR -QNCAMZGITO MAPD Bﬁ%ﬂ‘f—&EﬁGﬂ)ﬁ‘l—.Eht— @I TY 0.262

MAPD REACTW@;@EQ@WQJE@ BED oNHAEEREEACTORAI B/ C BED TWOZ 0. 2Qp{gVAPD
REACTORAI BRERBIRFEMS EXGHANGERMETREACTORA B BED TW 10 0. 193 MARR REACTOR
LEAD BED 2. SIAREFROM MAPD RENTTORFOUTORr DOMRERED 6TH SPREAD 0. 18615

HYDROFI NERVABH R AGHDRUUTLE T 86.0L HRRBUERAG WIRAHBPHYCET TEMPERAT) R 0. 180

MAPD REACTOR LEAD BED 8TH SPREAD 0.205
HYDROFINER OUTLET Qutput 0.195
QW EXCH HOT WATER TEMP -0.184
MAPD REACTORA/B BED TWO01 ’ 0.172
MAPD REACTORA/B BED TW10 0.171



MAPD REACTOR C3 RECYCLE TO FEED 0.166 7. CGuard Bed Conversion Sensrn bé&san''
i n i> Loadui MAPD REACTOR LEAD BED 2ND SPREAD -0.244 NMAPD REACTORA/ B BED
TWLO -0.242 NNAPD REACTOR TOTAL SELECTIVITY 0.235 MAPD REACTOR LEAD BED 6TH
SPREAD - 0. 23%0 2086RBzREACTORA/ B BED TWO -0.229 MAPD Rﬁwwaﬁgg) TWL1
0.220 MAPD REACTORAI BI C BED TW)2 0. 217102MAPD REACTORAI B BE 17

MAPD REACTOR - QNCH H20 TO MAPD REACTOR QUTLET COOLER 0. 159 MAPD REACTO?
LEAD SELECTIVITY 0. 152 WO 2006/ 029290 PCTI US20051032093 -101- Energy

Bal ance Sensor Desch kon r L j, ; aTabledhdil~ MAPD REACTOR - QNCH H20 TO
MAPD REACTOR OUTLET COBGRykne FacfiéiRRoRPATGEGRICARPBRENGND SPREAD 0. 218
RERUN FEED EXCHANGER | Nvlith Sonsé# Fitle Gaid Piip it RoMpbiPLbidMel OR OUTLET COOLER
0.216 MAPD REACTOR QUTLET COOLER QUENCH WATER PHCO -0.210 MAPD REACTOR
LEAD BED 6TH SPREAD 0.205 HYDROFINER QUTLET Qutput 0.195 QW EXCH HOT WATER

TEMP -0. 1841,

C WO 2006/ SPAS) FOS 9JU3Z093 TTabl e T1I" PropyLen g

Pri nci pal QPPRﬁ&errRAY 15 -0.224
C3= FRACT TRAY 37 -0.222
C3= FRACT TRAY 57 -0.222
C3= FRACT OVHD VAP -0.221
C3= FRACT - C3= FRACT REBOILER B VAP OUT -0.220
C3= FRACT ~ C3= FRACT REBOILER A VAPOR OUT -0.220
C3= FRACTREB IN -0.218
C3= FRACT REBOILER B VAP QUT TEMP -(.213
RERUN TOWER CONDENSED OVHD -0.207

( - CS" FRACT RBLR IN TEMP -0.207
i Pressure Balance

B ;S'eqsorﬁeynpﬁon—* oEy ey e me TR R LT g T b Doadiig,

RERUN TOWER - RERUN OVHD COND VENT GAS 0.295
RERUN TOWER FEED TO BURNER LINE 0.276
RERUN TOWER CVHDCONDENSOR TO C3R MAKEUP 0.270
C3= RERUN TRAY 15 0.256
C3= RERUN TRAY 10 0.256
C3= FRACT REFLUX FLCI -0.229
C3= FRACT DP -0.216
3= RERUN OH 0.210
RERUN TOWER C3= VAP FROM RERUN OVHD COND 0.207
RERUN TOWER DP -0.206
3. | Product Rate
T SCnSonDGRCHIDNON % w * & % & oo & oo W g b @ o u T Toadings
C3= PRODUCT DRUM NET DISCHARGE Output 0.324
C3= PRODUCT DRUM NET DISCHARGE 0.317
C3= TO SURGE DRUM Qufput 0.314
L : C3= FRACT OH PRODUCT 0.255
LIQ PROPYLENE PROD -0.249
C3= FRACT REFLUX DRUM 0.228
C3= PRODUCT DRUM C3= PROD SURGE DRUM 0.196
C3= FRACT OH PRODUCT Output 0.191
STM TO C3= FRACT REBOILER A BEST RANGE Output 0,173

RERUN FEED EXCHANGER BYPS CTL-VALV Quiput 0.172



Wth Sensor Title and Principal Conponent Loading 1. Tenperature Profile
3" epsor.DeSCri titant r x - Loadiri 03= FRACT TRAY. 15 -0.224 (C3= FRACT
TRAY 37 -0.222 (C3= FRACT TRAY 57 -0.222 03= FRACT OVHD VAP -0.221 (3=
FRACT - C3wd18ééiRoiseBO LER B VAP QUT -0.220 C3= FRACT pced32005¥ede3REBO LER
" A VAPOR QUT -0.220 C3= FRACT REB IN - gg218 C3= FRACT REBO LER B VAP QUT
TEMP -0.213 RERUN TOAER CONDENSED OVHD -0.207 C3= FRACT RBLR I N TEMP
-0.207 2. Pressure Balance n 1Ili , Set 6004 RERUN TONER - RERUN OvHD COND
VENT GAS 0.29 RERUN TONER FEED TO BURNER LINE 0.276 RERUN TONER
OVHDCONDENSER F@emwﬁ\KEUP 0.270 (C3= RERUN TRAY 15 0. 256 C3= RERUN TRAY
10 0. 256 AptonoR FLOT w 229" A 37, FRACE DR i

0.210 RERPEAGNEGWES W A BYH O 267 RERON ,' S0P - 0. 206

3. Product m?omémﬁ@rREhbn?eRA"BEST '
DI SCHARGE  QH=PRiERONFREL USEFT diRODUCT DRUM NET DI SCHARGE 0.317 cgggao SURGE

DRUM Qut putcd: RRRUN REFLUX FLCO Qutput -0.278
 RERUN TOWER DRAW TO C3= FRACT -0.274
FRACTIONATOR COND ACCUM Qutput -0.253
C3= FRACT BOTTOMS LEVEL -0.205
C3= FRACT STM VALVE POS CNTL Qutput -0.199
RERUN TOWER SIDE DRAW OFF LLCI -0.184
RERUN TOWER CIRCULATE C3='8 Quiput -0.187

3. | Keed Quality -

i SemsorDschipton - - g Ry - v 8- 7 HF O THEmE
C3= FRACT DP -0.353
( ) C3= FRACT REFLUX FLCi ¢ -0.346
" RERUN TOWER DP -0.288
RERUN TOWER VENT COND RERUN OVHD COND Output 0.234
C3= FRACT BTM NET:BEST RANGE -0.204
RERUN TOWER - RERUN OVHD COND VENT GAS -0.200
RERUN TOWER C3= VAP FROM RERUN CVHD COND -0.198
RERUN FEED EXCHANGER BYPS CTL-VALV Ouiput -0,157
RERUN TOWER RERUN REFLUX DRUM 0.147
RERUN TOWER DRAW TO C3= FRACT -0.145
6. I Energy Balance
“FSensor DENdmption 7 fadk UL, AR RE R LV Loadig .

C3— RERUN REFLUX FLCO -0.331
RERUN TOWER DRAW TO C3= FRACT -0.286
FRACTIONATOR COND ACCUM Output 0.284
C3= FRACT STM VALVE POS CNTL Output 0.272
STM TO C3= FRACT REBOILER A BEST RANGE 0.269
RERUN TOWER SIDE DRAW OFF LLCI -0.261
RERUN TOWER DRAW TO C3= FRACT Output -0.206
( MAPD REACTOR - QNCH H20 TO MAPD REACTOR QUTLET COOLER  0.202
RERUN TOWER RERUN REFLUX DRUM -0.199

C3= FRACT REFLUX FLCI Qutput ‘ 0.188



C3= FRACT OH PRODUCT 0.255 LI Q PROPYLENE PROD -0.249 C3= FRACT REFLUX DRUM
‘0. 228 (C3= PRODUCT DRUM C3= PROD SURGE DRUM 0.196 C3= FRACT OH PRODUCT

Qut put 0.191 STM TO C3= FRACT REBO LER A BEST RANGE Qutput -0.173 RERUN
_FEED EXCHANEBRIBYRBICTL- VALV Qut put 0172 WD 2006/ 029290 BR&iiisiesaRsh932093
-103- 4. Feed Rate '=~Seitsor.Descrr tip4n,: . “ti .. -, ; 1li 6sdtti RERUN
TONER DRAW TO C3= FRACT Qutput -0.291 STM TO C3= FRACT REBO LER A BEST
RANGE -0.286 C3= RERUN REFLUX FLCO -0.280 03= RERUN REFLUX FLCO Qut put
-0.278 RERUN TONER DRAW TO C3= FRACTable B4 FRACTI ONATOR COND ACCUM Qut put
-0.253 C3= FRACT BOTTOVS LEVEL VaIAOBlovCBFodeRACT STM VALVE P05 CNTL Qut put
-0.199 RERUN TOMER S| DE DRAW OFF WiiMedel T8¢ RERUN TOMER Cl RCULATE C3='S
Qutput -0.167 5. Feed Quality C3= FRACT DP -0.353 (3= FRACT REFLUX FLCl
-0.346 RERUN TOWER DP -0.288 RERUN TOAER_VENT COND RERUN OVHD COND Qut put
0.234 (3= FR@aﬁwﬂlﬁ maaﬁANGE -0. 204 RERUN TO\/\ER - RERUN OvVHD COND
VENT GAS - 0. 20f 1 RERUN FEED
EXCHANGER BYPS =

Propylene quuu:l to SCD02
Propylene Liguid to C3R DRIER
De-Methanizer Feed #1
De-Methanizer Feed #2
De-Methanizer Feed #3
De-Methanizer Feed #4
Hydrogen Separator Drum Flow

(. De-Methanizer Feed #5
De-Ethanizer Reflux Flow
Methane Compressor Minimum Flow
Methane Booster Second Stage Recycle
De-Methanizer Bottoms Flow
De-Propanizer Reboiler Out
De-Ethanizer Boftoms
Splitter Hip Reboiler
Splitter Reflux
Splitter Product
De-Methanizer Reflux Flow
Ethylene Vapor Product
Condensate Stripper Heated Feed
Steam to De-Ethanizer Reboiler
Liquid Ethylene to NDO3

Fourth Stage Suction Propylene to DEMETH REBOILER

Q Hydrogen Flow to Acetylene Converter Lead Bed
Hydrogen Flow to Acetylene Converter Guard Bed
Acetylene Converter Flow



RERUN TONER RERUN REFLUX DRUM 0. 147 RERUN TONER DRAW TO C3= FRACT -0. 145
6. Ener Bal'ance f,Se’ sortie' fion ° C3= RERUN REFLUX FLCO -0.331 RERUN
TONER DRAW TO C3= FRACT -0.286 FRACTI ONATOR COND ACCUM CQut put 0.284 (C3=
FRACT STM VALVE PCS CNTL Qutput 0.272 STM TO C3= FRACT REBO LER A BEST
RANCGE 0. 269 RERUN TOWER SI DE DRAW OFF LLCI -0.261 RERUN TOAER DRAW TO C3= .
FRACT CQut put -0.206 MAPD REACTOR - H20 TO MAPD REACTOR OUTLET COCOLER
0.202 RERUN TONER RERUN REFLUX DRUM *'9.7199 C3= FRACT REFLUX FLCI Qut put
0. 188 WD 2006/ 029290 PCT/ US2005/ 032093 -104- Table 12 Val ve-Fl ow Model s
Wth Mddel Title Valve-Flow Mdels Fresh Feed to CGC Propylene Liquid to
SCD02 Propximse Liquid to C3R DRIER De- Met hani zer Feed #1 De- Met hani zer
Feed #2 ™De-Methani zer Feed #3 De- Methani zer Feed #4 Hydrogen Separator
Drum Fl ow De-Met hani zer Feed #5 De-Ethani zer Refl ux Fl ow Met hane

Conpressof Mg %{Hoﬁlfgﬁl\ébnonnal event detection (AED) for current operation for some
process units of an ethylene processing system comprising;

ta) comparing online measurements from the process unifs to a set of models
including principal component analysis models and/or engineering models
for normal operation of the corresponding process units, wherein said
ethylene processing system has been divided into equipment groups and
process operating modes wherein there is minimal interaction between
said equipment groups and principal component analysis models

~ correspond to equipment groups and process operating modes,

(b)  determining if the current operation differs from expected normal
operations so as to indicate the presence of an abnormal condition in a
process unit, and

(© determining the underlying cause of an abnormal condition in the ethylene

processing system.

2. The method of claim 1 wherein said set of models corresponds to equipment
groups and process operating modes, one model for each group which may inclnde one or

more operating modes.

3. The method of claim 1 wherein said set of models correspond to equipment

groups and process operating modes, one model for each group and each mode.

4, The method of claim 1 wherein said set of models of normal operations further

includes engineering models.

5. Themethod of claim 1 wherein said ethylene processing system is divided into

operational areas with a principal component analysis model for each area.



Met hane Booster Second Stage Recycle De-Methanizer Bottons Fl ow
De- Propani zer Reboiler Qut De-Ethanizer Bottons Sputter Hi p Reboiler
Splitter Reflux Splitter Product De-Methanizer Reflux Flow Ethylene Vapor
Product Condensate Stripper Heated Feed Steamto De- Ethani zer Reboil er
Liquid Ethyl ene to NDO3 Fourth Stage Suction Propylene to DEMETH REBO LER
Hydr ogen Flow to Acetyl ene Converter nggd Bed Hydrogen Flow to Acetyl ene
Converter Guard Bed Acetylene Convert'€ "Fl ow 105- CLAIMS 1. A nethod for
abnormal event detection (AED) for current operation for some process units
of an ethyl ene processing systemconprising: (a) conparing online
measur enemgt s f T ARIRTERART ffhdr SofhpPridnd ek sRps ppdel s incl udi ng pri nci pal
conmponent anal ysis nodel s and/or engi neering nodels for normal operation of
t he correspondi#lg paividiagthgsihyiene prnsessiintosapigment grotpsiwitperecasritag syst em
has been divi ded inﬁéef&ﬂﬁlg%ﬁt groups and process operating nodes wherein
there is mniml interaction between said equipnent groups and princi pal
conponent anal yi9i s deetifingdmput esiiubied ahd thedwppiating raaee AR saidkguipmestes s
operating nodes, (b) deteryyining if the current operation differs from
expect ed normal  op&oRPT kOrapeRting Mofedi cate the presence of an abnor nal
condition in ag\pro Mt : eEﬁ"riE' 13 i cause of an
abnor mal condi t((f‘)on ?ﬁﬁ%ﬁ%ﬁ%ﬁuﬁ?&ﬁé&%n@%@f dh@afo?@m&ﬂ%f{zéﬂaﬂ&s,

* (d) creating a set of principle component analysis models and/or engineering

models representing normal operations, where each model corresponds to
one of said equipment groups including one or more operating modes,

(&)  dividing the ethylene process into operational areas where a set of one or
more models corresponds an operational area, and

® comparing online measurements from the ethylene process units to a set of

models for normal operation of the corresponding operational area.

7. The method of claim 1 wherein said equipment groups have minimal interactions

among each other.

8. The method of claim 1 wherein said equipment groups include feedforward
information from upstream equipment groups and feedback information from

downstream equipment groups.

9. The method of ¢laim 1 wherein inputs to the models are measurements of the
performance and/or physical state of the ethylene process, and/or control signals sent to
field actuators from the control system, and/or external factors affecting the ethylene

process.

10.  The method of claim 1 wherein the inputs to the models determine the physical
state of the ethylene process.

11, The method of claim 1 wherein said indication of an abnormal event further



processi ng system 2. The method of claim 1l wherein said set of nodels
corresponds to equi pnent groups and process operating nodes, one nodel for
each group which may include one or nore operating nodes. 3. The method of
claiml1l wherein said set of nodels correspond to equi pnent groups and
process operating nodes, one nodel for each group and each node. 4. The

nmet hod of claim |l wherein said set of, nodels of nornal operations further

i ncl udes engi neeri ng nodel s. 5. The T%hod of claim 1 wherein said et hyl ene
processing systemis divided into operational areas with a principal
conponent anal ysis nodel for each area. 106- 6. The nethod of claim1
further compbss dTqupitessmioeRsdePEaldidationt 16 dlintifatt Reseqioditiveén ficBidP&Eisd Nt O

equi pment groups with one or nore operating nodes, (b) determ ning input
vari abl es°rgr8ioRhei r operating range for said equi pment groups and/ or
operating nodes, (c) determning historical training-and testing data for
said input variables, (d) creating a set of principle conponent analysis
nodel s anid or Thegheteel dffethimoskdrsin uepaase sbrnorgalneentdhdicpnakicons, where each
nodel corresponds to one of said equipnment groups including one or nore
oper at i ngVHP§ ,“F%$°ﬂﬁvgﬂﬂ5@“¥ﬂ%&ethylene process into operational areas
where a set of one or nore nodels corresponds an operational area, and (1)
conparing online nmeasurenents fromthe ethyl ene process units to a set of
nodel s f o3 norfhematiper aftclam 2ofhdréie said eqepmemdirogpsopdudst dilongbr metedal 7. The
met hod of ﬁlain11 wherein said eg¥jgnent groups have mnimal interactions
anong eactt Sﬁﬂgyynﬁ?a¥W§“h§?ﬁﬁﬂe UB1 ai m 1 wherein said equi pment groups

i nclude feedforward information from upstream equi prent groups and feedback
information from downstream equi pnment grogﬁi 9. The nethod of claim1l

wher ei n i Mput STheanathas! ofsdrams? whescimsach saishmedad fusther pamprises supprasioe and! or
physi cal 3L GuladdlS USR8 SERRRS of YAl R0 b5GhicHhgnal s sent. Lo

15.  The method of claim 2 further comprising the steps of (a)-determining said each
model begins with a rough model based on questionable data, (b) using said rough model
to gather high quality training data, and improve the model, and (e) repeating step (b) to
further improve the model.

16.  The method of claim 2 wherein said model includes transformed variables.

17.  The method of claim 2 wherein principal components include process variables

provided by online measurements.

18:  The method of claim 4 wherein said engineering model further comprises

determining consistency between some control valves and flow meters.
19.  The method of claim 4 wherein the principle components for the principle
component analysis models are selected based on named degrees of freedom in the

equipment group.

20.  The method of claim 4 wherein the number of principal components is chosen



field actuators fromthe control system and/or external factors affecting
the ethylene process. 10. The nethod of claim| wherein the inputs to the
nodel s determine the physical state of the ethylene process. 11. The net hod
of claiml wherein said indication of an abnormal event further - 107
conprises of suppressing nodel calculations to elimnate fal se positives on
speci al cause operations. 12. The nethod of claiml wherein unwant ed
abnornmal event indications are suppreSsed using override suppressors. 13:
The nethod of claim2 wherein said equipnment groups include all major
material and energy interactions in the sanme group. 14. The method of claim
2 wher ei nsueR efat saifficiemelef the voh-bivsel phitipa eSmpPoHRAlsDRSIMaboiDElglal Bal cul ati ons
to elimnate fal se positives on special cause operations. 15. The nethod of
claim2 f¥%% her conprising the steps of (a)-determ ning said each nodel
begins with a rough nodel based on questionable data, (b) using said rough
nodel to gather high quality training data, and inprove the nodel, and (e)
repeati ng2lst epl'febhethad off dlaithewhérejnrthare ateteboven dpératidfl aréie net hod of claim 2
wherein said nodel includes transformed variables. 17. The nethod of claim2
wherein princi pal conponents include process variables provided by online
measur enesit s. R mdthéd HRINAS RherbinBhi #indipsr RinfpoRditélaiM@is1esddng nodel
further conprises determ ning consistency between sone control valves and
f | ow net emsludd groceph g ariab¢rvaluestmesbutedby sepisensei n t he princi pl e conponents for
the principle conponent analysis nodels are sel ected based on naned degrees
of freedomin the equipnent group. 20. The nethod of claim4 wherein the
nunber of 23r i MieRadth6PHNLALMN FhérsinGadSLMcipatBmpdtais bidfsisoasddd for ent s of the
non- chosen princi pal conponents beconme about equal in  size. 21. The nethod
of cl ai m Sifigreetrrpeest Haifsdnelpde somapcespeariabledialies greaaged by the same

Sensor.,

24.  The method of claim 5 wherein a number of principal components is selected by a

magnitude of total process variation represented by successive components.

25.  The method of claim 6 wherein operating modes are specific time periods wherein

the ethylene process behavior is significantly different.

26.  The method of claim 6 wherein historical data (raining sets arc segregated

according to operating modes.
27.  The method of claim 6 wherein said models includes transformed variables.

28,  The method of claim 6 further comprising the steps
(a)  determining said model begins with a rough model based on guestionable
data,
(b)  using said rough model to gather high quality training data, and improve
the model, and
(c)  repeating step (b} to further improve the model.



22. The nethod of claim5 wherein said principal conponents anal ysis nodel s
i ncl ude process vari abl e val ues neasured by sensors. 23. The nethod of claim
5 wherein said principal conponents analysis nodels for different process
units include sone process variable val ues neasured by the sanme sensor. 24.
The nethod of claimb5 wherein a nunber of principal conponents is selected
by a magnitude of total process vari?b#on represented by successive
conponents. 25. The method of claim®6 erein operating nodes are specific
time periods wherein the ethylene process behavior is significantly
different. 26. The nethod of claim®6 wherein historical data (raining sets
arc segr egat edTh@ge®od bPelain® 6 KRFR 4 B oPRPEEs olormhhep RIS theRidesdd) M 6
wherein said nodel s includes transformed vari ables. 28. The met hod of claim
6 furt her ocmarsiraicinle Cpmpancapinlyyis Models apd{phepesuinprersagineesagmeseliyi t h a
rough nodel based on questionable data, (b) using said rough nodel to
gat her high quality training data, and i nprove the nodel, and (c) repeating
step (b) B80. f uThémethodpf claitn 6 herandthle nuhB&-of oinciplescompihads Bfsclettad by 6
wherein a set of del s, of normal operatio i ncl udes one. or nore Principle
Conponent th&ﬁa#gygwgeo Bié} RrogFTa VERRGRaCHEFSeRIGH BY EHGPHEEMNRGIPHAPEIRONENIS  The
met hod of claim6 wherein the nunber of principle conponents is sel ected by
t he magni tude of total process variation represented by successive principle
conponent §1: 3The fkthodwf blein 6fwhetein saidprvvirad comparicdt gnalysisinpalelsdonponent
anal ysi s els far ifferen ui. nt_groups include as inputs sone
process vgﬁﬁﬂﬁﬁgmﬂg?@g§“%gﬁgﬁ%5§%ﬁ?ﬁﬁﬁﬁﬁng£W%%§QW§81??%@?3%ﬁ§£ﬁ@t od of
claim 10 ywhemrmkeRersar d i Nputs to the nodels include tenperatures, and/or
pressures, and/or flows, and/or analyzer readings, and/or vibrations, and/or
el ectrical current, and/or signals to field actuators. 33. The nethod of
gl)ﬁ:j:nt Ilgn‘ﬁ'g;r g'trlsﬁe ARG of Slafil! PO GERRR SiAfputf th QU HOER b NudNERFN s 2 def 1 ned
and/or pressures, and/or flows, and/or analyzer readings, and/or vibrations, and/or

electrical current, and/or signals to field actuators.

33.  The method of claim 12 wherein override suppressors act automatically whenever

a defined condition exists.

34.  The method of claim 12 wherein the operator initiates the action of an override

SUppPTessor.

35.  The method of claim 13 wherein said equipment groups include quick recycles in

the same group.

36.  The method of claim 15 wherein said training data includes historical data for the

model of the processing unit.

37.  The method of claim 16 wherein said transformed variables include reflux to feed
ratio in distillation columns, log of composition in high purity distillation, pressure
compensated temperature measurement, sidestream yield, flow to valve position, and

reaction rate to exponential temperature change.



34. The nethod of claim 12 wherein the operator initiates the action of an
override suppressor. 35. The nethod of claim 13 wherein said equi pnent
groups include quick recycles in the same group. 36. The nethod of claim15
wherein said training data includes historical data for the nodel of the
processing unit. 37. The nethod of claim 16 wherein said transforned

vari ables include reflux to feed ratjq in distillation colums, |og of
conposition in high purity distillafﬂ& , pressure conpensated tenperature
measurenent, sidestreamyield, flowto valve position, and reaction rate to
exponenti al tenperature change. - 110 38. The nethod of claim 16 wherein
sone pai r3g. of e asshicerefildmflerwheydn vand gdis@F measiRerhém A twod Pdrinblds Me
synchroni zation by one of the variables using a dynamc transfer fiuiction.
39. The r&t broughiante timemyneropiattionhywae phibe sarigdresispgadynapicstansi¥ent s t hat
are affegted,by operating point changes in process operations are converted
to deviation variables. 40. The nethod of claim 16 wherein said nodel
inputs are corrected for noise. 41. The nmethod of claim 16 wherein the

nmeasur e ts a varj e are .scaled, ,42. .The net hod of cl.aim 16 wherein
measur emetit s ﬁjrh@ni &Lwa bghepiin Kapiables 9f Process meagemeMi hab#Hezat i on, with

one of thegrepled 8y oi%ﬁrﬁﬂin?g%cﬁi& HBHIRY 1rPprIYRR BpFattdnd BRS Rhydritads H&Ration?3. The
met hod of claim 17 wherein principal conmponents include sonme neasurenent

pai rs thaarighles.ti me synchroni zed to one of the variables using a dynamic
filter. 44. The method of claim 17 wherein process variables affected by
operating point changes in the process operations are convened to deviation

vari abl est0, 45.The hxghddedfrRiimab viHeddiisdd modarighls ia@oebasfor apies.at i onal ar eas
of the ethylene processing systeminclude; charge gas conpressor; drier,

col d box, and nethane booster; ethylene and propyl ene refrigeration;

denet hani ger ; i . : .atr i.4qrTet hanat or and
H2 drier ;ﬁdeprjglggél%ﬁgdear@m%g%%%#%ﬁ iﬁlr? g’?&&grr%l&}%?)t? S%I‘(aerﬁdgiér e% g"{laledand
fracti onator.

42.  The method of claim 16 wherein measurements are transformed to bring tern into

time synchronization, with one of the other variables using a dynamic transfer function.

43.  The method of claim 17 wherein principal components include some
measurement pairs that are time synchronized to one of the variables using a dynamic
filter.

44,  The method of claim 17 wherein process variables affected by operating point

changes in the process operations are convened to deviation variables.

45.  The method of claim 21 wherein the eleven operational areas of the ethylene

processing system include; charge gas compressor; drier, cold box, and methane booster;
ethylene and propylene refrigeration; demethanizer; deethanizer; acetylene converter; C2
splitter; methanator and H2 drier; depropanizer; MAPD hydrofiner; and propylene rerun

and fractionator.

46.  The method of claim 27 wherein said transformed variables include reflux to feed

ratio in distillation columns, log of composition in high purity distillation, pressure




46. The nethod of claim 27 wherein said transforned variabl es include refl ux
to feed ratio in distillation colums, |og of conposition in high purity
distillation, pressure 111- conpensated tenperature neasurenent, sidestream
yield, flow to valve position, and reaction rate to exponential tenperature
change. 47. The method of claim 28 wherein said training data includes
historical data for the nodel of the processing unit. 48. The nethod of

cl ai m 36 wherein the nunber of princi 1p‘all' conponents is chosen such that
coefficients of each principal conponent becone about equal in size. 49. The
met hod of claim 36 wherein the historical data periods selected for training
and t est i daghpdidatedI8hper@uf: MelsBithRet, bidedtREMSARE, TvPRSaPRIPosHiBA L8 anong

i nputs and/ or increase the signal to noise ratio of the inputs in the data.
50. The nieadhien ras¢ tcdxgpnentiol igmperetune ehapgd.| i ng average of inputs fromrecent
operations is subtracted fromthe current value of the neasurenents. 51. The
met hod of claim40 wherein said nodel inputs are corrected by filtering or
el i m nat i4¥g nditemeteaboficbiiRIPSSyiRkeil 84id &bingi. dateinchbies Higbheal dgth falted m 41
wherein the neasurenents are scaled to the expected normal range of that
vari abl e.mestel ofrfhe PHRSEHFIE WHL ¢l ai m 49 wherein data fromtine peri ods of
steady operations are elimnated fromthe training data. 54, The nethod of
claim49 wherein data from severe abnormal operations are elimnated from

t he trai Mg ddteancthdt of ThemrBétwivtein theatuaiber dfprideprbiomppatss is chbsamodel | nput s
are deleted fromthe inputs used.in the nodel. -112- 56. .A systemfor

abnor mal %‘%&%&%t%%pe@ﬂ}gﬂj'ﬂ%&l CAUPRNeR| RpceRe athguaifn%. et hyl ene
processi ng system conprising: (a) on-line data acquisition of neasurenents

and control signals, (b) a set of nodels including principal conponent
nmodel s ard¥. or Thegnetkest ofredpimAdaeiesein thel histerikal date heriage seldetsd foriaimgpgoper at i ons
of the progess. units of said.ethyl ene processing syst.e rein said
et hyl ene a&ﬁg%sgg% %t§ g?t%%eﬁggcted ?0 1n¥rease cross correlatio %g mprgts angd/or

increase the signal to noise ratio of the inputs in the data.

50.  The method of claim 39 wherein a rolling average of inputs from recent

operations is subtracted from the current value of the measurements.

51.  The method of claim 40 wherein said model inputs are corrected by filtering or

eliminating noisy measurements of variables.

52.  The method of claim 41 wherein the measurements are scaled to the expected

normal range of that variable.

53.  The method of claim 49 wherein data from time periods of steady operations are

eliminated from the training data.

54,  The method of claim 49 wherein data from severe abnormal operations are

eliminated from the training data.

55.  The method of claim 49 wherein potential model inputs are deleted from the

inputs used in the model.




been divided into equi pnent groups, wherein said set of nodels includes at

| east a principal conponent nodel corresponding to an equi pnment group, (c)
a set of displays which indicate if the current operation differs from
expected normal operations so as to indicate the presence of an abnorna
condition in the process unit, and (d) a set of displays which indicates the
under |l yi ng cause of an abnormal condition in the ethyl ene processing
system 57. The systemof claim56 whétein said nodel for each process unit
is either a principal conponents nodel or an engi neering nodel. 58. The
system of claim56 wherein inputs to the system are neasurenents of the
performarge a | -dn?gﬁ - [or control
signal s ?ght ?%&gg?ggiig@?#gFﬁégggﬁggi ro&??%%ﬁggﬁ?gﬁfﬁéggggﬁl and/ or

ext er nal efhalehepwcessingoyiteg commprisieghyl ene process. 59. The system of claim 56
wherein said ppdel s .ug%%er cquri ppr essi l.culations to elimnate

Sl 3, Lurbhercoupt ses supprcssion co .
unwant ed not i f¥cat PHHE RO AP g oenty gnd cairotIgiadl, of ¢l ai m 56

wherein an et (gl engsdoPaRdslk MlENSE Rifcipll fAMPdnbkARRILY MEQr eRRfdRhE ONal
sections and the nodels are grouped into sets according to their associ ated

operational secti ofodals Bwlged imthe sefylesceihingfopetatipes ahepressss Anitsad’ oper at or
interface includes i . i ndi.cat | .Of - I i

abnormality withi nsag%gtﬁ{?]tglﬁé;é’%? ?sg]ﬁg?%éé%v}d%gmg al{l E%yleégﬁ%ﬂcgs(r%gg%%gggsi ng
system 62. The sybéeprtidledinfi djuipmenhgiogpd) whbeirofet &t of mbddleithde al | ows the
operator to navigate to a diﬁplay assoclated wth the highest |ikelihood of
an abnormal condi t Fidershi PHCIRAl spMBerenhBade correspRIAIBB IO 2N EUENASIE M of cl ai m 57
wherein an et hyl en ng,ocessi ng systemis partitioned into operational
sections with a prfnci’pal conponents nodel for each section. 64. The system
of claimb57 ww@r ei asgaf displaysehiohindianpé terusentroperaden giffecefsem vari abl es
provi ded by online meaereme ts. 65. The 31}{ .temthof cl ai mf57 \Q,herein sai d
model further conpfFRSEEda PREIARGRS sp gs to ndicate the presence ol an abnorma

condition in the process unit, and

(d)  aset of displays which indicates the underlying cause of an abnormal |

condition in the ethylene processing system.

57.  The system of claim 56 wherein said model for each process unit is either a

principal components model or an engineering model.

58.  The system of claim 56 wherein inputs to the system are measurements of the
performance and/or physical state of the ethylene process, and/or control signals sent to
process field devices from the control system, and/or external factors affecting the

ethylene process.

59.  The system of claim 56 wherein said models further comprises suppression

calculations to el_imiuate unwanted notifications of known conditions.

60.  The system of claim 56 wherein an ethylene processing system is partitioned into
operational sections and the models are grouped into sets according to their associated

operational section.



el imnate operator induced notifications and fal se positives. 66. The system
of claim57 wherein said nodel includes transforned variables. 67. The
system of claim58 wherein said inputs to the system i ncl ude tenperatures,
and/ or pressures, and/or flows, and/or anal yzer readings, and/or vibrations,
and/or electrical current, and/or signals to field actuators. 68, The
system of cl aim 58 wherein said inputﬁ #o t he system becone transforned
inputs to the nodels. 69. A system of & ai m 59 wherein override suppressors
act automatically whenever a defined condition exists. 70. A system of
claim59 wherein the operator initiates the action of an override - 114 -
suppr essoil. 71Thd betedy 6f anD$6 whatimtklopshsrdhirthdtcintlude!d Joagsudk an
abnormality within_ an operational section is indicated to the operator with

a trend offidigationphihedikelihaed of peahposmalify witiheschaperatjonasectigmel thy st em of
clain161_@@@kﬁggnﬁg§m%§gég&or is alerted whenever the |ikelihood of an
eds a

abnormal i ty-“exc Ined threshold. 73, The system of claim 62 wherein
said displays include Pareto charts. 74. The system of claim 62 wherein, for
a set of del [

% t he Paret,0 ﬁ?a ts. ljst nodels . in %ﬁe order of magnitude of
the |i kel Phood B?Sbﬁwﬂaﬁfﬁfg?lﬁh  WRrTEn hooperon THTack BlevshedRetoniBdel . 75. The
system of GigatBtPLdNeT SdsBeitidl it tBdhigNet lilEl-;@i'hH&FoP%n\ﬁbﬁbn%a? con;c@ﬁonTvbi%x system

of claim63 wherein there are el even oOperational sections. 77. The system of

cl ai m 63 wisinglsimodsgeligk.Petri nets are used to convert outputs from nodels
to the likelihood of an abnormal process operation and/ or equi pnment probl em
78. The system of claim®66 wherein said transformed vari abl es include refl ux

to total 6prodwaé systeanof dlaith 51 wherainia@RtieAne PR essidtyottmao paetoiddamoand
overhead pressure in distillation colums, pressure conpensated tenperature

measur eme SPatignabggetions sith & pringrgl componeats I for eecdysepiional t enper ature and
pressure. 79. The system of claim66 wherein sone neasurenent pairs are tine
synchroni zed to one of the variables using a dynamc filter.

64.  The system of claim 57 wherein said principal components include process

variables provided by online measurements.

65.  The system of claim 57 wherein said model further comprises calculations to

eliminate operator induced notifications and false positives.

66,  The system of claim 57 wherein said model includes transformed variables.

67.  The system of claim 58 wherein said inputs to the system include temperatures,
and/or pressures, and/or flows, and/or analyzer readings, and/or vibrations, and/or

electrical current, and/or signals to field actuators.

68.  The system of claim 58 wherein said inputs to the system become transformed

inputs to the models.

69. A system of claim 59 wherein override suppressors act automatically whenever a

defined condition exists.

70. A system of claim 59 wherein the operator initiates the action of an override



- 115 80. The system of claim 66 wherein process neasurenent vari ables

af fected by operating point changes in the process operations are converted
to deviation variables. 81. The system of claim66 wherein the measurenents
and transforns of a variable are scaled prior to nodel identification. 82.
The system of claim66 wherein a nunber of principal conponents is sel ected
by a magnitude of total process variation represented by successive
conponents. 83. The system of claim66 Idherein noise is removed fromthe
systeminputs and/or the transforned variables. 84. The system of claim 66
wherein the nmeasurenents of a variable are scaled prior to nodel

cal cul ati aippr8sor. The system of claim 73 wherein, for principle conponent

anal ysis nodels, the Pareto charts show in order of magnitude the specific
contribution of each input to the estimte of the likelihood of an abnornal
condi ti on.~{86. gﬂ?ﬁg LI} 7 ' | [ | odels are
shown as >Z-1Y p;ﬁ-ﬂog?@%g?? e%&@?@%@?“@?g@h@%&mggﬁ@t he X-Y pl ot shows
t he est i naperatibnal hectiooinimticated &r tht ioperatoe ivith iadreath oHtha highektl likakhdodexf eonf | dence
regi on ar o%nd t?at estimate. 88. The system of claim75 wherein the operator
can recal i¥P Phe X-Y pl ot on demand. 89: The system of claim75 wherein
time adj acent data sanple points are connected. 116- 90. The systemof claim
75 wherein the nornmal process operating range of the X axis variable is

i ndi cat ed.7291. Thissystsra o€ alaizh 6t whiereinzthe aperater is aldmed whiengviehthedikolihomtiobr nmal i ty
i ndi cated by, nodels wthin S ay e .conbi ned using fuzzy Petri nets to
estimate t%eabp?rtg]@ﬂ%ed‘gaedgfa dgﬁned‘;@%ﬁﬁg‘l ity within an operational section.

92. The system of claim 80 wherein the neasurenents are scal ed by the
expected normal range of that transfornmed and/ or deviation variable. 93.
The systemdef dibgishstan ofpleine b3 whereesaiddisplatsiedudpstasgjoghagist al filters. 94,

The system of claim83 wherein noise is renoved using |ogic.

74.  The system of claim 62 wherein, for a set of models, the Pareto charts list models
in the order of magnitude of the likelihood of an abnormal condition as indicated by each

model.
75.  The system of claim 62 wherein said displays include X-Y plots.
76:  The system of claim 63 wherein there are eleven operational sections.

77.  The system of claim 63 wherein fuzzy Petri nets are used to convert outputs from

models to the likelihood of an abnormal process operation and/or equipment problem.

78.  The system of claim 66 wherein said transformed variables inclnde reflux to total
product flow in distillation columns, log of composition and overhead pressure in
distillation columns, pressure compensated temperature measurements, flow to valve

position and bed differential temperature and pressure.

79.  The system of claim 66 wherein some measurement pairs are time synchronized

to one of the variables using a dynamic filter,



95. The system of claim85 wherein the operator can navigate to tinme plots
of inputs whose order is determ ned by each input's position on the Pareto
chart.

-115-

80.  The system of claim 66 wherein process measurement variables affected by

operating point changes in the process operations are converted to deviation variables.

81.  The system of claim 66 wherein the measurements and transforms of a variable

are scaled prior to model identification,

82.  The system of claim 66 wherein a number of principal components is selected by

a magnitude of total process variation represented by successive components.

83.  The system of claim 66 wherein noise is removed from the system inputs and/or

the transformed variables.

84,  The system of claim 66 wherein the measurements of a variable are scaled prior to

model calculation.
85.  The system of claim 73 wherein, for principle component analysis models, the
Pareto charts show in order of magnitude the specific contribution of each input to the

estimate of the likelihood of an abnormal condition.

86.  The system of claim 75 wherein, two dimensional models are shown as X-Y

plots.

87.  The system of claim 75 wherein, the X-Y plot shows the estimate of the normal

‘operating relationship as well as the confidence region around that estimate.

88.  The system of claim 75 wherein the operator can recalibrate the X-Y plot on

demand.

89.  The system of claim 75 wherein time adjacent data sample points are connected.
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90.  The system of claim 75 wherein the normal process operating range of the X axis

variable is indicated.
91.  The system of claim 77 wherein the likelihood of abnormality indicated by
models within a set are combined using fuzzy Petri nets to estimate the likelihood of an

abnormality within an operational section.

92.  The system of claim 80 wherein the measurements are scaled by the expected

normal range of that transformed and/or deviation variable.
93.  The system of claim 83 wherein noise is removed using digital filters.
94,  The system of claim 83 wherein noise is removed using logic.

95.  The system of claim 85 wherein the operator can navigate to time plots of inputs

whose order is determined by each input's position on the Pareto chart.




