APPLI CATI ON OF ABNORVAL EVENT DETECTI ON TECHNOLOGY TO

FLU DI ZED CATALYTI C CRACKI NG UNI T BACKGROUND OF THE
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operation of a Fluidized Catalytic Cracking Unit

(FCCU) conprising of the feed-preheat unit, reactor,

regenerator, wet gas conpressor, the main fractionator
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regenerated catalyst. The FCC process employs a catalyst in the form of very

fine particles (~70 microns) which behave as a fluid when aerated with a vapor.
Average riser reactor temperatures are in the range of 900 to 1000°F with oil
feed temperatures from 500-800°F and regenerator exit temperatures for catalyst
from 1200 to 1500°F. The process involves contacting the hot oil feed with the
catalyst in the feed riser line. The heat from the catalyst vaporizes the feed and
brings it up to the desired reaction temperature. The cracking reactions start
when the feed contacts the hot catalyst in the riser and continues until the oil
vapors are separated from the catalyst in the reactor. As the cracking reaction
progresses, the eatalyst is progressively deactivated by the formation of coke in
the surface of the catalyst. The spent catalyst flows into the regenerator and is
reactivated by burning off the coke deposits with air. The flue gas and catalyst

are separated in the cyclone precipitators. The fluidized catalyst is circulated



progresses, the catalyst is progressively deactivated
by the formation of coke in the surface of the

woatmlogst49 The spent catalyst flows into the PCT/US2005/032446
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automati c energency process shutdown systens for very
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notify the consol e .
applications to automatically adjust the process in response {0 minor process
disturbances, to rely on human process intervention for moderate to severe
abnormal operations, and to use automatic emergency process shutdown systems
for very severe abnormal operations. The normal practice to notify the console
operator of the start of an abnormal process operation is through process alarms.
These alarms are triggered when key process measurements (temperatures,
pressures, flows, levels and compositions) violate predefined static set of
operating ranges. This notification technology is difficult to provide timely

alarms while keeping low false positive rate when the key measurements are

correlated for complicated processes such as FCCU.



operator of the start of an abnormal process operation

is through process alarns. These alarns are triggered
wohers/0Bemo pr ocess neasurenents (tenperatures, PCT/US2005/032446

pressures, flows, |evels and conpositions) violate

predefined static set of opeBating ranges. This
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compares the current operation to various models of normal operation for the
covered units. If the difference between the operation of the unit and the normal
operation indicates an abnormal condition in a process unit, then the cause of the
abnormal condition is determined and relevant information is presented

efficiently to the operator to take corrective actions.

BRIEF DESCRIPTION OF THE DRAWINGS

[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 areas.

[0008] Figure 2 shows a valve flow plot to the operator as a simple x-y plot.



abnormal condition is determ ned and rel evant

information is presented efficiently to the operator
woOaodcaker4gor recti ve actions. BRI EF DESCRI PTI ONPOF/USR5/032446

DRAW NGS [ 0007] Figure 1 shows how the information in

the online systemflows throygh the various

transformati ons, nodel calculations, fuzzy Petri nets

and consolidation to arrive at a summary trend which
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merator as a sinple x-y plot.[0009] Figure 3 shows

t hr ee- di nensi onal redundancy expressed as a PCA nodel.

0] .Eigure 4 shows, a schematic di agramof a.fuzz
400! il fshaina srhanglr duprmohe BT br .
di agram of the overall process for devel opi ng an
[6011dr mefigereshshapphischematic di4¥pdid] offihg overa] plocess Bor
schemati c di agram of the anatony of a process control

devaleping anjabmozpalepyetapplisaiéi®s a schematic di agr am of
the anatony of a nultivariable constraint controller,
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cORBNHasEideure 9 shows the KPI anal ysis of historical
data. [0016] Figure 10 shows a diagram of signal to

noi se ratio._[0017] Fjgure 11 shows. how the process,. .
[QA3Ani ddguren’ shews grschematie diagram; Qfﬁnﬁ apajoBRy pha multivariable

current val ues measurenents. [0018] Figure 12

¢ Wﬁénqtq%l hﬁgﬁmﬁ%&; di stribution of process data.

[0019] Figure 13 shows illustration of the press

[601] i StHigurd ®OROYs kisghematid didpoam dfithe bnelink inferentinbéstimate

ener gy bal ance nodel . .
of current quality.

[0015] Figure 9 shows the KPI analysis of historical data.

[0016] Figure 10 shows a diagram of signal to noise ratio.

[0017] TFigure 11 shows how the process dynamics can disrupt the correlation

between the current values of two measurements.

[0018] Figure 12 shows the probability distribution of process data.
[0019] Figure 13 shows illustration of the press statistic.

[0020] Figure 14 shows the two-dimensional energy balance model.

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

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 paraeto chart.



[0021] Figure 15 shows a typical stretch of Flow,
Val ve Position, and Delta Pressure data with the | ong
woeoied1@d constant operation. [0022] Figure 18CThSM®S5M@32446
type 4 fuzzy discrimnator. [0023] Figure 17 shows a
fl ow versus val ve paraeto chart.[0024] Figure 18 shows
a schemati c di agram of operator suppression |ogic.
5] Eigur 9 shows, a schemati c di agram of event .
(40335 - Faei Iais § oebants Gleca HBraot RPEERPR ipeic.
of the duration of event suppression. [0027] Figure 2
[0D25howFitine ¥vsiiwsappheanatiodiagnaintdfevepesuppression logic.
suppression disabling predefined sets of inputs in the
18281 o H et Ui of Syl SF BB supprassion.
used by the operator. [0029] Figure 23 shows the
[00278 matHigudeadlostioved the dventsupiiesidn And theoperatdrampptdssion
overall schematic of FCCU and the light ends towers.
disalolng pradgfined setssHdnputsin thp Bt Brodgl-spl ay of all the
probl em nonitors for the FCCU operation [0032] Figure
ho < ' j i
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infbrfakies uddd brahs opbattorconpl ete drill down for the
Catal yst G rculation problemalong with all the

suypporting eyvj dences. 034]. Figure the fuzzy
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[0035] Figure 29 shows alerts in the Catalyst _
[de30§Y! k@ 24 o UM erall @clféfﬁ;atfé(hbf = U ELT ) "tl'i@lig?ﬁ’ends

nmonitors. [0036] Figure 30 shows the pareto chart for
towst ags i nvol ved in the FCCUnusual scenario in Figure
29.

[0031] Figure 25 shows the operator display of all the problem monitors for
the FCCU operation
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[0032] Figure 26 shows the fuzzy-logic based continuous abnormality

indicator for the Catalyst Circulation problem.

[0033] Figure 27 shows that complete drill down for the Catalyst Circulation

problem along with all the supporting evidences.

[0034]  Figure 28 shows the fuzzy logic network for the Catalyst Circulation

problem.

[0035] Figure 29 shows alerts in the Catalyst Circulation, FCC-Unusual and

FCC-Extreme abnormality monitors.

[0036] Figure 30 shows the pareto chart for the tags involved in the FCC-

Unusual scenario in Figure 29.

[0037] Figure 31 shows the multi-trends for the tags in Figure 30. It shows

the tag values and also the model predictions.



[0037] Figure 3 1 shows the multi-trends for the tags

in Figure 30. It shows the tag values and al so the
woundslozpiedi cti ons. [ 0038] Figure 32 shows the pamiisenos/032446

list of deviating valve flow nodels (pareto chart).

[0039] Figure 33 shows the X6¥ plot for a valve flow

nodel - val ve opening versus the flow [0040] Figure

34 shoms the pareto chart and X-Y plot for the air

el T shdWOthtl raﬁk@éﬂ Ni8t §§d§ﬂﬁﬁﬁ AR @R tRo @9 (pareto

sta k varve nonitor drill down. [0042] Figure 36 shows
chidre). Regenerator Cycl one rmnl tor drl 1 down. [0043]
Fi gure 37 shows the Air bl ower m)nltor drill down.

311 R £y 3 LB A BOn Bol SOGPRIBN L Ohive opening

%g{‘ q wt O Main Fractionator dr|II down. [0046]
igure Shows the Wet Gas Conpressor drill down.
[0047] Figure 4 1 shows a Val ve Fl ow Monitor Fuzzy
[00e0] [ (Figie 34 shows d@ paroteschart and XplYeplot farthe @lrotelpvv@f
control | abl e range. [0049] Figure 43 shows the Event
mopiefessi on di splay. [0050] Figure 44 shows the AED
Event Feedback Form [0051] Figure 45 shows a standard
i st \fe‘{z:th FFORohitef drill down.
[@5@ |t] at |IE)% Fl% eac%égegé%ggtsa:b\gg’%c DEngI LED
DESCRI PTI ON OF THE PREFERRED EMBODI MENTS [00521 The
[042] entFignueed6 sloows theaRagenesator £yslend mentgr figll down.
notification of abnormal conditions in sections of the
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techni ques that are snapshot based and provide only an
[604]f f Findiedd shows tie €artmnhBalanse mdnitor Wrilldpwnt o
conbine nultiple

[0045] Figure 39 shows the Catalyst carryover to Main Fractionator drill

down.

[0046] Figure 40 shows the Wet Gas Compressor drill down.

[0047] TFigure 41 shows a Valve Flow Monitor Fuzzy Net.

[0048] Figure 42 shows an example of valve out of controllable range.
[0049] - Figure 43 shows the Event Suppression display.

[0050] Figure 44 shows the AED Event Feedback Form.

[0051] Figure 45 shows a standard statistical program, which plots the

amount of variation modeled by each successive PC.

DETAILED DESCRIPTION OF THE PREFERRED EMBODIMENTS

[0052] The present invention is a method to provide early notification of
abnormal conditions in sections of the FCCU to the operator using Abnormal

Event Detection (AED) technology.



supportive evidences of abnornmalities that contribute

to an operational problemand estimtes its
wonoelabil4pty in real-time. This probability i SPCT/US2005/032446

presented as a continuous signal to the operator thus

renoving any chattering assagi.ated with the current

singl e sensor al arm ng-based on/of f nmethods. The

operator is provided with a set of tools that allow
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engineering models, and relevant sensor transformations into several fuzzy logic

networks. This fuzzy logic network aggregates the evidence and indicates the
combined confidence level of a potential problem. Therefore, the network can
detect a problem with higher confidence at its initial developing stages and
provide crucial lead-time for the operator to take compensatory or corrective
actions to avoid serious incidents. This is a key advantage over the present
commercial practice of monitoring FCCU based on single sensor alarming from
a DCS system. Very often the alarm comes in too late for the operator to

mitigate an operational problem due to the complicated, fast dynamic nature of



hi nderi ng rather than aiding in response. [0055] The

catal ytic cracking unit is divided into equipnent
wgnaspsifyeferred to as key functional secti onBCDUS2005/032446

operational sections). These equi pment groups nmay be

different for different cataBytic cracking units

depending on its design. The procedure for choosing
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present invention divides the Fluidized Catalytic
Cracking Unit (FCCU) operation into the follow ng
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special concern noni'tors cover areas with potentially
nfRfitodyls concerns and

1. Overall FCCU Unusual Operation

2. Overall FCCU Extreme Operation

3. Over Cat Light Ends Unusual Operation

4. Overall Cat Light Ends Extreme Operation

and these special concern monitors

1. Reactor-Regenerator Catalyst Circulation
Regenerator Stack Valves Operation
Cyclone Operation

Air blower Operation

Carbon Balance Checks

Catalyst Carryover to Main Fractionator

Wet Gas Compressor

® N o A LD

Valve-Flow Consistency Models

[0057] The overall monitors carry out "gross model checking" to detect any
deviation in the overall operation and cover a large number of sensors. The
special concern monitors cover areas with potentially serious concerns and
consist of focussed models for early detection. In addition to all these monitors

the application provides for several practical tools such as those dealing with



consi st of focussed nodels for early detection. In

addition to all these nonitors the application
wonosiodemof or several practical tools such as PODAS2005/032446

deal i ng wi t hsuppression of notifications generated

fromnormal /routine operatiamal events and elimnation

of false positives due to special cause operations.
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Fi gure 25 shows the operator interface for the system
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abnormal indications in each operation area. Conpari ng
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the input from sensors and model residuals to evaluate the probability of a
problem. Figure 26 shows the probability for the Catalyst Circulation problem
using the corresponding fuzzy logic network shown in Figure 28. Figure 27
shows the complete drill down of the catalyst circulation problem. The green
nodes in Figure 28 show the subproblems that combine together to determine the
final certainty of the "Catalyst Circulation Problem". The estimated probability
of an abnormal condition is shown to the operating team in a continuous trend to
indicate the condition’s progression. Figure 29 shows the operator display of the
problem presenting the continuous signal indications for all the areas. This gives
the operator a significant advantage to get an overview of the health of the

process than having to check the status of each sensor individually. More



indicate the condition's progression. Figure 29 shows
the operator display of the problem presenting the
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gi ves the operator a significant advantage to get an
overview of the health of the process than having to
check the status of each sensor individually.
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operator has sufficient lead time to act.

[0061] Under normal operations, the operator executes several routine actions
such as feedrate changes, setpoint moves that could produce short-lived high
residuals in some sensors in the PCA models. Since such notifications are
redundant and do not give new information, this invention has mechanism built-

in to detect their onset and suppress the notifications.

[0062] The operator is informed of an impending problem through the
warning triangles that change color from green to yellow and then red. The
application provides the operator with drill down capability to further investigate
the problem by viewing a list of prioritized subproblems. This novel method

provides the operator with drill down capabilities to the subproblems. This
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deviation error. Clicking on the bar in this case, generates an X-Y scatter plot

that shows the current operation point in the context of the bounds of normal
operation (Figure 33). Another example of its application is shown in Figure 34

for the pareto chart and the X-Y plot for the air blower monitor.

[0064] In addition to the PCA models, there are a number of special
concern monitors built using engineering relationships and Partial Least Squares’
based inferentials. These cover critical equipment in the Reactor-Regenerator
area such as the Air Blower and Wet Gas compressor. Underlying these

monitors are fuzzy-logic networks that generate a single abnormality signal.

[0065] In summary, the advantages of this invention include:
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which effect control actions and thus can be the source or by affected by

upsets.

7. Events resulting from special cause/routine operations are suppressed to
eliminate the false positives. The enormous dimensionality reduction from
600+ individual tags to just 12 signals significantly cuts down on the false
positive rate. The PCA modeling approach inherently resolves the single

sensor alarming issue in an elegant manner.

B. Development and Deployment of AED Models for a FCCU

[0066] The application has PCA models, engineering models and heuristics to
detect abnormal operation in a FCCU. The first steps involve analyzing the
concerned unit for historical operational problems. This problem identification

step is important to define the scope of the application.
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historical data record of the event. This model can PCA/PLS based or simple
engineering correlation (mass/energy-balances based). This document covers
both kinds of applications in order to provide extensive coverage. The operator
or the engineer would then rely on their process knowledge/expertise to
accurately diagnose the cause. Typically most of the events seem to be primarily

the result of problems with the instruments and valves.

[0070] 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 to 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 would not know what to do once the event finally occurs.
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I. PCA Models

[0072] The PCA models are the heart of the FCCU AED. PCA transforms the
actual process variables into a set of ‘orthogonal’ or independent variables called
Principal Components (PC) which are linear combinations of the original vari-
ables. It has been observed that the underlying process has 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.

[0073] Each principal component captures a unique portion of the process
variability caused by these different independent influences on the process. The

principal components are extracted in the order of decreasing process variation.
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[0076] The PCA model development comprises of the following steps:

1) Input Data and Operating Range Selection

2) Historical data collection and pre-processing

3) Data and Process Analysis

4) Initial model creation

5) Model Testing and Tuning

6) Model Deployment
[0077] The general principles involved in building PCA models are
described in the subsection I "Conceptual PCA Model Design" under section
"Developing PCA Models for AED" in Appendix 1 These steps constitute the
primary effort in model development. Since PCA models are data-driven, good

quality and quantity of training data representing normal operations is very
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Historical Data collection and Pre-Processing
[0079] Developing a good model of normal operations requires a training

data set of normal operations. This data set should:

. Span the normal operating range

e Only include normal operating data

[0080] Because it is very rare to have a complete record of the abnormal
event history at a site, historical data can only be used as a starting point for
creating the training data set. Operating records such as Operator logs, Operator
Change Journals, Alarm Journals, Instrument Maintenance records provide a
partial record of the abnormal process hiétory. The process of data collection is
elaborated upon in subsection ITI "Historical Data collection" under the section

"Developing PCA Models for AED" in Appendix I.

[0081] Inthe FCCU case, the historical data spanned 1.5 years of operation to

cover both summer and winter periods. With one-minute averaged data the
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oﬁajaﬁm?ﬁt The data with no identified abnormal operations will be the

preliminary training data set.

[0084] Once these exclusions have been made the first rough PCA model can
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 should be no more
than 5% of the number measurements included in the model. The number of
PCs should ultimately match the number of degrees of freedom in the process,
however this is not usually known since this includes all the different sources of
process disturbances. There are several standard methods for determining how
many principal components to include. Also at this stage the statistical approach

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

[0085] The training data set should now be run through this preliminary

model to identify time periods where the data does not match the model. These
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each principle component is shown in Figure 45.

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

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

Model Testing and Tuning

[0088] Once the initial model has been created, it needs to be enhanced by
creating a new training data set. This is done by using the model to monitor the
process. Once the model indicates a potential abnormal situation, the engineer
should investigate and classify the process situation. The engineer will find
three different situation, either some special process operation is occurring, an
actual abnormal situation is occurring, or the process is normal and it is a false

indication.
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data set could be augmented with additional process data and improved model
coefficients could be obtained. The trigger points can be recalculated using the

same rules of thumb mentioned previously.

[0092] Old data that no longer adequately represents process operations
should be removed from the training data set. If a particular type of operation is
no longer being done, all data from that operation should be removed. After a
major process modification, the training data and AED model may need to be

rebuilt from scratch.

[0093] The FCCU PCA model started with an initial set of 388 tags, which
was then refined to 228 tags. The Cat Circulation PCA (CCR-PCA) model
includes 24 tags and monitors the crucial Cat Circulation function. The Cat Light

Ends PCA (CLE-PCA) narrowed down from 366 to 256 tags and covers the



The detail ed procedure of deploying PCA nodel is

descri bed under "Depl oyi ng PCA Mddel s and Sinple
wangiceend ng Model s for AED' in Appendi x 1. [000TJUSENS032446

time, the devel oper or site engineer nay determ ne

that it is necessary to i npr2e one of the nodels.

Ei t her the process conditions have changed or the
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FCC- PCA model is shown in Appendix 2A, the Catalyst

[6D93Jul aTheengiGéering ehoded refparamdrdsi fmnthA;F@(EUl appliBation were
t he CLE- PCA nodel 1s described in App%r[%{h;}[s

deteymimast byrgpaviianis g @ﬁgqqg@@qem@ Lprocess data
Ry RLSEE T o 3 e
88 LEALALESh HcIRRRPALTRS of eAALAL @Rtern'difl %%s%'c'a@éjscenarios for
FCCU operation. To address the conclusions from the engineering assessment,
- the following engineering models were developed for the FCCU AED

application:

e Catalyst Circulation Monitor

e Stack Valves Monitor

e Regenerator Cyclone Operation Monitor

e Air Blower Operation Monitor

e Carbon Balance Monitor

e Catalyst Carryover to Main Fractionator Monitor

e Wet Gas Compressor Monitor

e Valve-Flow consistency monitors



description of building engineering nodels can be

found under "Sinple Engi neering Mdels for AED
weeaisam4d n Appendi x 1. [0095] The engi neeri ngraoasko00s/032446

requirenents for the FCCU application were determn ned

by: perform ng an engi neeri4®j -eval uati on of historica

process data and interviews with consol e operators and
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the PER GRS 8ischssed APEERHRevel Cudlded RSBietcase of PCA models
conclusions fromthe engi neering assessnent, the

wherel theserig nerspecifar dutgutibeing predictedi@lledasp att inpnts) hwith infer-
FCCU _AED application: Catalyst Circulatjon Mnitaq
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mbifireMtar @MédtRisSisifforfiitht @okitoflvaswiod vahiablesfthatwoidbe the
nodel s di scussed earlier. However, unlike in the case
best pROictomdsr shevbuiput tag rkhis tnvedvepiateraedng Withprosessxperts
pr edi ct ed Il data are inputs), with infer.entia
D& tBroRERs s NG ORMERDS g MapPRt ey AR infit b the best
eEartial Least Squares'(PLS) to nodel the output tag
)ased on certain inputs. As in the case of PCA this
call s for neasurenent selection and data

[0092Dr o BhedTatglystOimeutation montips mondtorsihehealthmftcatalyst
oo S HERTOE RD. (B Gt S B PasciRhnee
EFGROUAERFE bRl TP TERRE-IEE PR RHMPRU Rx R
cdtiRt 1evER (e} AbhbEmAERKR g DeltaP control (f) Consistency between
energy and pressure balance cat circulation calcs. Catalyst circulation is a key
component of efficient FCC operation and early detection of a problem can lead
to significant savings. The complete breakdown of the problem is shown in

Figure 27 and the corresponding Fuzzy Net in Figure 28.

[0098] The Regenerator stack valve is crucial in maintaining the Reactor-
Regenerator pressure differential. It is an important link the Reactor cascade
temperature control chain wherein the Reactor temperature adjusts the Reactor-
Regenerator pressure differential by manipulating the stack valve opening. In
order to monitor the valves, (a) the stack valve normal operating ranges are
checked and (b) the consistency between the stack valve openings and the
differential pressure controller output is checked. Figure 35 shows the drill down
for the Regenerator Stack Valve monitor. Appendix 3 A gives the details of this

monitor.



set. [0097] The Catalyst Circulation nonitor nonitors

the health of catalyst circulation using 6 subproblem
wanewn3t74fa) Catal yst circul ation operating rarge/uSp)s/032446

Cat Grcul ation PCA nodel residual (c) Rx-Rg J-bend

density (d), Rx-Rg catal yst-A2evel s (e) Abnormal RxRg

DeltaP control (f) Consistency between energy and
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3DEhows shemonitor deitidldwmur e 36 shows the displ ay.
[00100] The Air Blower supplies air to the

er § i i . t )
(B9 STB? pafidh e HEROPLER S8 e AR flance jn the
RehétoRIR¥Wehetator. The evidences it uses are the T-statistic of the Catalyst
Circulation PCA model, the flue gas CO level, the flue gas O2 level and some

other supporting sensors. This monitor is shown in Figure 38 and Appendix 3 D

has its details.

[00102] The catalyst carryover to main fractionator monitors the reactor
stripper level, the reactor differential pressure, the slurry pumparound to the
main fractionator and the strainer differential pressure. Figure 39 shows the |

monitor. Appendix 3 E has monitor details.

[00103] The Wet Gas compressor takes the main fractionator overhead
product and compresses it for further processing in the downstream light ends
towers. The WGC also maintains the tower pressure and hence is another critical

concern area to be monitored. This monitor checks the second stage suction



thus a critical piece of equipnent to maintain stable

FCC operations. The air blower nonitor checks the
wouodsiner4gpeed, the delta air tenperature, SteRaT/US2005/032446

pressure supply, air flow, steamflow to turbine, air

di scharge tenperature. The i2derential nodels in this

case were - (a) air flowto the airblovver, (b) Steam

flowto
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Figure 38 and Appendix 3 D has its details. [00102]

[J@E4at alTye tFlew: Viveasositiormeonsistency inomatoo waswslerived from a
the reactor stripper level, the reactor di fferecﬂ_tl al
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conpressor discharge flow and (d) Cat Gas di scharge.
ekhibitbel wirkable penfismanné.eFlendétails ofithe valve ﬁlq“hmodels is given

Appendi x 3. F. Figure 40 shows the nonitor. [00104] The
1f|13e1weudmé cE'>03| tion consistency nonitor was derived
rom a

[00105] In addition to the valve-flow model mismatch, there is an additional
check to notify the operator in the event that a control valve is beyond control-
lable range using value-exceedance. Figure 41 shows both the components of the

fuzzy net and an example of value-exceedance is shown in Figure 42.

[00106] 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 recalibration or when a manual bypass valve has
been changed. This modification to the flow estimator significantly improved the

robustness for implementation within an online detection algorithm.

Engineering Model Deployment

[00107] The procedure for implementing the engineering models within AED
is fairly straightforward. For the models which identify specific known types of



conpari son of the neasured flow (conpensated for the
pressure drop across the valve) with a nodel estimte

wohodsla1fh ow. These are powerful checks as thePCT/US2005/032446
condition of the control |oops are being directly
nonitored in the process. The4nodel estimte of the
flowis obtained fromhistorical data by fitting
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pEdB1&nRith ArwavEflobPpairhe nodel s which identify
speci fic known types of behavior within the unit (e.g.

Regener ator cyclone, stack valve, air blower, wet gas
Wn ) the trigger points for

notification were determ ned fromthe anal ysis of
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Event suppression/Tags Disabling

[00110] The operator typically makes many moves (e.g., setpoint changes,
tags under maintenance, decokes, drier swaps, regenerations) and other process
changes in routine daily operations. In order to suppress such known events
beforehand, the system provides for event suppression. Whenever setpoint
moves are implemented, the step changes in the corresponding PV and other
related tags might generate notifications. In practice if the AED models are not
already aware of such changes, the result can be an abnormality signal. To
suppress this a fuzzy net uses the condition check and the list of tags to be
suppressed. In other situations, tags in PCA models, valve flow models and

fuzzy nets can be temporarily disabled for pecified time periods. In most cases, a



points for notification were initially derived from

the standard deviation of the nodel residual. For the
woiomtozsmyer al nont hs of operation, known AED Pa@ius2005/032446

tions were reviewed with the operator to ensure that

the trigger points were appr2priate and nodified as

necessary. Section "Depl oying PCA Mddels and Si npl e
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an "éxt ended per1 od,
should confirm that there is not a better way to solve the problem. In particular

the developer should make the following checks before trying to build an

abnormal event detection application.

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

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

e 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.



be di sabl ed. The list of events currently suppressed

is shown in Figure 43. Logging Event Details [00111]
woao@asiMe t he greatest benefits from such a sSyeraISp005N32446

is necessary to train the operators and incorporate

the AED systeminto the dait+36- work process. Since the

final authority still rests with the operator to take
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15nhimuees)i Theseasplications srasensitéveyto 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.

[00115] In addition to just detecting the presence of an abnormal event the
AED system also isolates the deviant sensors for the operator to investigate the
event. This is a crucial advantage considering that modern plants have thousands
of sensors and it is humanly infeasible to monitor them all online. The AED
system can thus be thought of as another powerful addition to the operator

toolkit to deal with abnormal situations efficiently and effectively.



close relatives to PCA abnormal event nodels. If the
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base for a control application to prevent the
condition fromoccurring. This is the third best
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[00118]  Figure 1 shows how the information in the online system flows
through the various transformations, model calculations, fuzzy Petri nets and
consolidations to arrive at a summary trend which indicates the normality /
abnormality of the process areas. The heart of this system is the various models

used to monitor the normality of the process operations.

[00119] The PCA models described in this invention are intended to broadly
monitor continuous refining and chemical processes and to rapidly detect
developing equipment and process problems. The intent is to provide blanket
monitoring of all the process equipment and process operations under the span of
responsibility of a particular console operator post. This can involve many

major refining or chemical process operating units (e.g. distillation towers,
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e preprocessing the on-line data to provide exception calculations and

continuous on-line model updating
e using fuzzy Petri nets to interpret model indices as normal or abnormal

e using fuzzy Petri nets to combine multiple model outputs into a single

continuous summary indication of normality / abnormality for a process area

e design of operator interactions with the models and fuzzy Petri nets to reflect

operations and maintenance activities

[00121] These extensions are necessary to handle the characteristics of
continuous refining and chemical plant operations and the corresponding data

characteristics so that PCA and simple engineering models can be used



maj or refining or chem cal process operating units

(e.g. distillation towers, reactors, conpressors, heat
wexelsaagaotrai ns, etc.) which have hundreds t oPCT/US2005/032446

t housands of process neasurenents. The nonitoring is

desi gned to detect problems-%hich devel op on a m nutes

to hours tinescale, as opposed to long term
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These "extensions are necessary to handl e the
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pl ant operations and the correspondi ng data

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

being to scale to unit variance).

6. There are no (uncompensated) process dynamics (a standard partial

compensation for this being the inclusion of lag variables in the model)
7. All variables have some degree of cross correlation.

8. The data have a multivariate normal distribution

[00124] Consequently, in the selection, analysis and transformation of inputs
and the subsequent in building the PCA model, various adjustments are made to

evaluate and compensate for the degree of violation.

[00125] Once these PCA models are deployed on-line the model calculations

require specific exception processing to remove the effect of known operation



characteristics so that PCA and sinple engineering

nodel s can be usedeffectively. These extensions
wonoosiodersh he advant age of preventing many of tReT/TUgp®s032446

and Type Il errors and qui cker indications of abnormnal

events. [00122] This section3® || not provide a

general background to PCA. For that, readers shoul d
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activitiies, to disable failed or "bad acting” inputs,
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abnormal.

[00129] Multiple redundancy can also be checked through a single

multidimensional model. Examples of multidimensional redundancy are:
e pressure 1 = pressure 2 = .... = pressure n

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

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

[00130] Multidimensional checks are represented with "PCA like" models.
In Figure 3, there are three independent and redundant measures, X1, X2, and
X3. Whenever X3 changes by one, X1 changes by a;3 and X2 changes by a;.
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



oper at or observe and acknow edge the propagati on of an

event through the process and to autonmatically restore
woOherspai@al ati ons once the process has retur neBCTMWS2005/032446

normal . [00126] Use of PCA nodels is supplenmented by
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engi neering relationshi ps that nust be true during
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combined using fuzzy Petri nets to provide the process operator with a

continuous summary indication of the normality of the process operations under

his control (Figure 4).

[00133] Multiple statistical indices are created from each PCA model so that
the indices correspond to the configuration and hierarchy of the process equip-
ment that the process operator handles. The sensitivity of the traditional sum of
Squared Prediction Error, SPE, index is improved by creating subset indices,
which only contain the contribution to the SPE index for the inputs which come
from designated portions of the complete process area covered by the PCA
model. Each statistical index from the PCA models is fed into a fuzzy Petri net
to convert the index into a zero to one scale, which continuously indicates the
range from normal operation (value of zero) to abnormal operation (value of

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

a general background to fuzzy Petri nets. For that, readers should refer to

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

[00136] The overall process for developing an abnormal event application is
shown in Figure 5. The basic development strategy is iterative where the
developer starts with a rough model, then successively improves that model’s
capability based on observing how well the model represents the actual process
operations during both normal operations and abnormal operations. The models

are then restructured and retrained based on these observations.

Developing PCA models for Abnormal Event Detection
I. Conceptual PCA Model Design

[00137]  The overall design goals are to:



one) . [ 00134] Each redundancy check is also converted

to a continuous normal - abnormal indication using
wouamwysmabs. There are two different indices uBet/uSe05/032446

these nodels to indicate abnormality; deviation from

t he nodel and devi ati on outsB3e the operating range

(shown on Figure 3). These devi ations are equival ent

to the sumof the square of the error
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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).

[00140] 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 measure-
ments, 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.

[00141] Conceptual model design is composed of four major decisions:
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si gni f i cantexeeptiomoperatipes est (see Kourti, 2004).
[00140] There are thousands of process neasurenents
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uiBsRtn AL O L tHdroeeasintep@itic Ainteacgam Similar to the design of a
multivariable constraint controller, the boundary of the PCA model should
encompass all significant process interactions and key upstream and downstream

indications of process changes and disturbances.
[00143]  The following rules are used to determined these equipment groups:

[00144]  Equipment 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.

[00145]  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
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11*39%&&@%%@3{%%%}%9%%&81&% a point where there is a
m nimal interaction between the process equi prent

[001dTps. Dheéderegtipabarit gneups wherever there are significant time

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

process measurements (see the discussion of dynamic compensation).

B. Process Operating Modes

[00148]  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
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through a single pipecontaining the feed to the next
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P )(llan théO problalle:mI be g)errr?e{ngenltlylﬁxedt? ften asﬁc’roblem exists because

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

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

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

control application. This is the second best approach.

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

relatives to PCA abnormal event models. Other common alternatives for
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neasure the .
e Select key measurements used by the console operator to monitor the

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

e Select any measurements used by the contact engineer to measure the

performance of the process

e Select any upstream measurement of feedrate, feed temperature or feed

quality

e Select measurements of downstream conditions which affect the process

operating area, particularly pressures.
e Select extra redundant measurements for measurements that are important

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

transformations.



approach to the abnormal operation? Inferenti al
nmeasurenents are usually devel oped using partial |east
wequmres49 PLS, nodel s which are very cl ose rel aCTAUS2006032446
PCA abnormal event nodels. O her conmon alternatives
fordevel oping inferential netsurenents include Neural
Nets and |inear regression nodels. If the data exists
whi ch can be used to reliably neasure the approach to
ol h§el@59§1§f@kt&?ﬁ‘ﬂ'rﬁéé§ﬁr&ﬁe -oflPIRFurbheadieng ansbiest @edpepature)
préssure)”, this can then be used to not only detect
when the condition exists but also as the base for a
e coStleot amppther ameasnrenenss,evhich thp @reesssiexpests F2sH as
occurring. This is_the third best approach. [00151]
BotrApentarigneamuay Pl hrecess 1% condi ti ons and
i nferential neasurenents of these conditions can be
[03&351 Y i poRg Rk 9dt bilydnthRle QHOAsukémBris Woliish dlava inofotidwing
etection nodels. I1. Input Data and Operating Range
cleeh@etibies: [ 00152] Wthin an equi pment group, there
w || be thousands of process neasurenents. For the

o Pr Eﬁ%r SR s noPRARS él?éetls)%g@ﬁ&@?ﬁc éﬁ?ﬂiﬁl@iﬂperformance

contr neasurenents, an cially ultimte

secondary outputs (signals to.field control valves) on
o { hiébe medsuEemeR] hosia Sey AR P SOREIANy ¢ he

consol e operator to nonitor the process (e.g. those

o WhiTHE ra@resasment isicsossperrtlated veith ethetr mosgsureda¢nis in theydata set
measur enents used by the contact engineer to neasure

t hewRgr i E‘%]R’[ S°m fl 1 0% Yo YRS HiRAdrin
'miggﬁg%}%@ggﬁlgégﬁa e, t?%g tgﬁvggir%ature or feled &
quabih¥l opRehB6hs. Measur enent s of downstream condi tions
whi ch aff'ect the process operating area, particularly
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changes (the ultimate primary of a control hierarchy).

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

saturated against transmitter limits.

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

be highly non-linear
e The measurement is not a redundant calculation from the raw measurements
e The signals to field control valves are not saturated for more than 10% of the

time.

A. Evaluations for Selecting Model Inputs

[00154]  There are two statistical criteria for prioritizing potential inputs into
the PCA Abnormal Detection Model, Signal to Noise Ratio and Cross-

Correlation.

1) Signal to Noise Test




Sel ect neasurenents that nmay be needed to cal cul ate
non-1linear transformations. Sel ect any external
woremsenent of a di sturbance (e.g. anbient PCT/US2005/032446
tenperature) Select any other neasurenents, which the
process experts regard as inpbrtant neasures of the
process condition [00153] Fromthis list only include
nmeasur enents whi ch have the follow ng characteristics:
The neasurenent does not have a histqry of erratic. or
pr oblBesiEmA &) RAISEdatiqhea Meas 1pformation content in the
.satisf agtory signal to noise ratio The neasurenent is
1 883G rei ated with other measurements in the data
set The measurement is not saturated for nore than
10% The signal tommotteratig iscaloulhtenas Blioovss.  The
measurenent is not tightly controlled to a fixed

setpoi nt, .whi.ch harely .change Lt I

o7 TR BT @R Usifk AEDobbATA RS aR RS mare
hayensARatife’ &IPS egﬁi\;éﬁfi‘ﬁ 1/ B H DT (RO BFGHes L NFEF continuous
saturated against transmtter limts.” The neasurenent
doesfiniag agd chentissl processgeting tived cmsstanttis nbually iorthemange of
to be highly non-linear ~The neasurenent is not a
r e3Qmaiafescial Zhoansi ther kv pass HHOrsHaRNe wsedmsvelipnEor the
Si gnal s to field control valves are not saturated for-
moPEPeIERA) §5icE £he BQUAUORNS aTK  Eyal uations for
Sel ecting Model Inputs [00154] There are two
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Rati o and Cross- Correlation. 1) Signal to Noise

TeS’PTQeEﬁngWTg 0 noi sepiRdd Qnstn? cARAMHR Of t h@quation 2
i nfornati Eofftent in the .

where:
Y, the current filtered value

Y1 the previous filtered value

Xa the current raw value

P the exponential filter constant

Ts the sample time of the measurement
Te the filter time constant

2. A residual signal is created by subtracting the filtered signal from the raw

signal

R,=X,-Y, Equation 3

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

signal divided by the standard deviation of the residual signal

S/IN=Oy/ Oy Equation 4



i nput signal. The signal to noise ratio is calcul ated

as follows: 1. The raw signal is filtered using an
weoxpwami4pal filter with an approxi mate dynan BCTiUSE005/032446

constant equivalent to that of the process. For

conti nuous refining and chemocal processes this tine

constant is usually in the range of 30 mnutes to 2

OB S BT AR 1 il
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IS/ 11) "Fi1ter constant "cal cul ate Equation 2

miiiahf; neéd ingivadusleskarhinatiohad detdrudind wiethdrethpy showldsbe
filtered value Xn the current raw value P the

inclydedantheahodel t er constant Ts the sanple tine of the
measuremsnt Tf the filter tinme constant 2 A resi dual

nal is created by subtractlngthefl (id sig ?
[001 t hdhealats pefritsedre calowlate thy SEfshepkhexclad eﬁm)é ong

nal. to.noise ratio is th t :
§ oF stoAdRtatR obPratian Sgoe futapiy %}ﬁsai‘ge 8‘{3 b ¥oP the noise
., the residual signal S/N =sg / sR
C"éﬁ“%‘g?‘? g?%%ﬁ’s%f i s preferable toghave all i gputg
exhibit a S/IN which is greater than a predetermn ned

2)M @id¥s Morgeleliondedt Those inputs with S/N less than
this m ni num need i ndi vi dual exani nation to detern ne

[oplsther THeetosd€uttelabion 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

S =N*3 (X; ¥X3) - (X X;) * (X X)) Equation 5
N*(N-1)

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

variance:

CCy = Si/(Si*Si)'”? Equation 6

[00158]  There are two circumstances, which flag that an input should not be
included in the model. The first circumstance occurs when there is no
significant correlation between a particular input and the rest of the input data
set. For each input, there must be at least one other input in the data set with a

significant correlation coefficient, such as 0.4.

[00159] The second circumstance occurs when the same input information
has been (accidentally) included twice, often through some calculation, which
has a different identifier. Any input pairs that exhibit correlation coefficients
near one (for example above 0.95) need individual examination to determine

whether both inputs should be included in the model. If the inputs are physically



included in the nodel [00156] The data set used to

calculate the S/ N shoul d excl ude any | ong peri ods of
wetemdytabate operation since that will cause POE/US2005/032446

estimate for the noise content to be excessively

| arge. 2) Cross Correl ation-4iest [00157] The cross

correlation is a neasure of the information redundancy
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indBpiiiiegifeaspiihe (E SIS, GAptaiR) ther DOANESSinputs

sHerll€ bk dcludédircierabdél. on coefficient for each pair of
inputs fromthe covariance: CG k = Sik/(Sii*Skk)1/2
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corre I on en a particular input an

tHab End Gsciratel id Reniliap whttd aindess ehereRotn stadfichmgby imptdwvexdecross
must be at | east one other input in the data set with

carrslatjon betweren o okthest oreasueenients and thesigshobthegdataset. Then
[ 00159] . The, second ci rcust ange ur.s en the sane
therpne With g bRTISE SOFEEt! @aug‘iﬁ??é‘i’?%e@nm uded

twi ce, often through sone cal cul ati on, which has a

391 ThSh el & SRl Satbitel Vitialled s that exhi bit
correfation coefficrents near one (for exanpl e above

L PP bR e i PR Elyep Rl T safAC iyttt ot
cbﬂbgﬂﬁﬁts LKA 8 sahtatadenesdaat Badtvalaes ofer ite model inputs.
redundant (i.e., two independent thernocouples are

Contiape cdesttdigtsmeasmstrnmenh trapsmiteyhigle end l@wpangasy paglyzer
then both these i nputs shoul d

) ) tle i ncluded in the
13Ag¢e] MaKipnuBERd mini gy cparel yalye PPSITOREy %Pé{] ProrEssygontrol
aggl‘fgau%trlho(:i‘ftp&t' Jirfiits. ltn%qpseéﬁlt féﬁlemﬁpgeveral categories with regard to

saturation which require special handling when pre-processing the inputs, both

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

[00162] For standard analog instruments (e.g., 4-20 milliamp electronic

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

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

e The connection with the field has been broken

[00163] When either of these conditions occur, the process control system
could be configured on an individual measurement basis to either assign a
special code to the value for that measurement to indicate that the measurement
is a Bad Value, or to maintain the last good value of the measurement. These
values will then propagate throughout any calculations performed on the process
control system. When the "last good value" option has been configured, this can

lead to erroneous calculations that are difficult to detect and exclude. Typically



pressure conpensated tenperature) the preference is to

i ncl ude the neasurenent that the operator is famliar
woiods/o3umbess there is a significantly inproveg8CTUSI®S/032446

correl ati on between one of these nmeasurenments and the

rest of the dataset. Then tilw@-one with the higher

cross correlation should be included. 3) ldentifying
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i ons occur, rocess contr ol
system coul d be configured on an indi vi du

[00865)ir erfEnschiaputs, whidi aﬂeenoras?ébgﬂa%Véib&fcmeXE@&éVq ime
the value for that me to indicate that the

partads shomld P3P§CI&%B‘3§ %51% Ogfelto mai ntain the | ast
good val ue of the neasurenent. These values will then

[0018B792t EohdtrAHEN OaMiatslBy afdnasl whererthe nm’afsnrenmzhtos] at $mame
process control system Wen the "last good val ue"
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od R k6fLeRegaredb@ss of the option configured on the
process control system

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

suppression of selected model statistics

e The process control system is designed to drive the process against process
operating limits, for example product spec limits. These constraints
typically fall into two categories: - those, which are occasionally saturated
and those, which are normally saturated. Those inputs, which are normally

saturated, should be excluded from the model. Those inputs, which are only



those tine periods, which include Bad Val ues shoul d

not be included in training or test data sets. The
wdevwlopas needs to identify which option has Be®WS2005/032446
configured in the process control system and then
configure data filters for exxdudi ng sanples, which
are Bad Val ues. For the on-line inplenentation, inputs
must be pre-proces so that, Ba I :
s o Lol et g Sty Mg/t e g Be
seleai&d %Hﬁo@él%eﬁ,oﬂﬁgg ghoﬁwsﬁémalécpﬁés@a] on'the$Ene
i nput's, Ich are normal l'y Val ue for extensive
tig&i@@iméﬁtﬁ@pufdindt%aﬁxatedded from the nodel .
[ 00166] Constrai ned variabl es are ones where the
measurenent_is at _sone limt, and this neasurenent
i frem Process) ConlielbABPIEe@HENS on (as opposed to
where the val ue has defaulted to the maxi mum or V
[001'67!“ M Thepkoddks therdl 4ifivatibas hawnaeery siguificatt effect on the
the Bad Val ue section). This process situation can
carelatioh gtrusture ofilthe pmcﬁﬁsdatann pagklar t he process

are normally inactive except under special override
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These constraints typically fall into two categories:

o~ ThRSROrmM valiafse i Bfasdmriledyy zsablesas ednafetrednsthe control
whi ch are normal |y saturated. Those inputs, which are
nosystehytostheunanipulatechvariablée(wsinlatel g dhe signalstsenirisdde.
Those inputs, ~which are onlyoccasionally saturated

(f 6enbMpives iethe fi¢ldh 10% of the tine) can be

included in the nodel however, they should be scal ed
[0FE68] OonThB®iokinAPoperations of refinery and chemical processes are

usually controlled by two different types of control structures: the classical

control cascades (shown in Figure 6) and the more recent multivariable

constraint controllers, MVCC (shown in Figure 7).

1) Selecting model inputs from cascade structures

[00169]  Figure 6 shows a typical "cascade" process control application,

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

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

[00170]  Although it is a very important measurement, the PV of the ultimate

primary of the cascade control structure is a poor candidate for inclusion in the



peri ods when they are not saturated. B. Input from

Process Control Applications [00167] The process
woanieroai74appl i cati ons have a very significant e€Tasoosn32446

the correlation structure of the process data. In

particular: The variation o#¥-controlled variables is

significantly reduced so that novenent in the
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ructure 1s a poor candi date for

Spictdishiafiohn thenodel . This neasurenent usually has
very limted novenent since the objective of the
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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
reaches 10.95)

[00173]  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 measure-
ments should be treated in the identical manner that is chosen for the PV of the

Ultimate Primary.

[00174]  Cascade structures can have setpoint limits on each secondary and

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



There can be movement in the PV of the ultimate
primary if its setpoint is changed but this usually is
wonbeseguant . The data patterns from occasi onal POTIUSRIF/032446
setpoint noves will usually not have sufficient power
in the training dataset for the nodel to characterize
the data pattern. [00171] cause of this difficulty
in characterizing the dataggéttern resulting from
changes in the setpoint of the ultimate primary, when
chédrethepeitas of thesk etenhinHy sehgiciined aperafions o sed Whétlhyr the
cause a significant increase in the sum.af squared
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and
The number of limits that the process operates against will be equal to the

number of MVs the controller is allowed to manipulate minus the number of
material balances controlled. So if an MVCC has 12 MVs, 30 CVs and 2 levels
then the process will be operated against 10 limits. An MVCC will also predict
the effect of measured load disturbances on the process and compensate for these

load disturbances (known as feedforward variables, FF).

[00176] Whether or notaraw MV orCVis a good candidate for inclusion in
the PCA model depends on the percentage of time that MV or CV is held against
its operating limit by the MVCC. As discussed in the Constrained Variables
section, raw variables that are constrained more than 10% of the time are poor
candidates for inclusion in the PCA model. Normally unconstrained variables

should be handled per the Constrained Variables section discussion.

[00177]  If an unconstrained MYV is a setpoint to a regulatory control loop, the

setpoint should not be included; instead the measurement of that regulatory



can have output Iimts on the signal to the field
control valve. It is inportant tocheck the status of

woOhewm@spabenti al |y constrai ned operati ons to SeET/US2005/032446
whet her the measurenent associated with a setpoint has
been operated in a constrai ned manner or whether the
signal to the field valve s been constrai ned. Date
during these constrai ned 6% rati ons shoul d not be
used. 2) Selecting / Calculating Mdel Inputs from

conMall lootastionid be Gaslatiedi The Cpnat tol therfisld vebe fromithay
Figure 7 shows a t)ﬁ)i cal. MVCC pr.ocess control

regalapdry canitohloapnsherild glsg bedpgludsdnon control structure
for refining and chem cal processes. An MVCC uses a
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pulated vari ables, MWSs, (usually valve positions

shodlld B imdidédsinche megddlat ory control [oops) will change
control variables, CVs (the dependent tenperatures,

pressures, conpositi ons and flows which neasure the
%EMM%MMCC attenpts to push the process

operation agai nst operating limts. These Iim.ts can
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j MV or CV is held against its operating
ﬂoﬁ{rrnn%g{%?/ﬁltgﬁ%)'wcc As di scussed in the Constrained

Vari abl es section, raw variables that are constrained .
(00808 & hn 8 BoRSTR TeiRebotiniBe 58 DEASIFIEAR: el L] Which is
calig‘gﬁpe:qlzqirgﬁl it e EemeMPagula Mot BRAMudOE A RbAAI The
general preference is to include the version of the measurement that the process
operator is most familiar with. The exception to this rule is when the raw inputs
must be mathematically transformed in order to improve the correlation structure
of the data for the model. In that case the transformed variable should be

included in the model but not the raw measurement.

[00181]  Physical redundancy is very important for providing cross validation
information in the model. As a general rule, raw measurements, which are
physically redundant, should be included in the model. When there are a large
number of physically redundant measurements, these measurements must be
specially scaled so as to prevent them from overwhelming the selection of

principle components (see the section on variable scaling). A comimon process



shoul d be handl ed per the Constrained Vari abl es
section discussion. [00177] If an unconstrained W is
wea emipoi4nt to a regul atory control |oop, the BeTuUSR20065/032446
shoul d not be included; instead the neasurenent of
that regul atorycontrol |oop should be included. The
signal to the field valve fromthat regulatory control
| oop shoul d al so be incl udéd. [00178] If an
unconstrained W is a signal to a field valve
exdsletdcets frt@nhé largh aukthdpof itainodedples thitearepiaied id.
Redundant Measurenents [00179] The process control
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anong the candidate inputs into the PCA nodel. One
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i nput which is calculated fromthat neasurenent shoul d

ITINOHiskSritdichadeColiertione model . The general preference
is to include the version of the neasurenent that the

[0({1@%? ©SSp s&@ﬁﬁgﬂt iz r['?ﬁ{hefcf’e% dﬁﬁ:ﬁ’l"ﬂe@ in ZE@&WQ&')(P”

hi s"°r e raw | S nust
traffih ) QAR seE 3l hi¥h id Eﬁ@\i’ﬁ féredniaih o @esdds@finupinal prodess
corfelation structure of the data for the nodel. In
opératibng. d8ss tihe set sheafldr med vari abl e shoul d be i ncl uded
in the nodel but not the raw measurement [00181]

[O(ﬁ%i \?%E%nd%?rh%%y g’rdf gyrd Pﬁ%eﬂéoﬁhﬁ’é}f’éﬁﬂ difall parts

" e: | on

f Rhtir g erﬁwc@mﬁmeam oﬁ/&im@eh The rafpesofotht data
© red ndantgLJ l'wgoul d be incl udedﬁyl n the nodel. Wen there
compered tbahgeange of the data during steady state operations is a good

indication of the quality of the information in the dataset.

[00185]  Include all normal operating modes (including seasonal mode
variations). Each operating mode may have different correlation structures.
Unless the patterns, which characterize the operating mode, are captured by the

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

[00186]  Only include normal operating data: If strong abnormal operating
data is included in the training data, the model will mistakenly model these
abnormal operations as normal operations. Consequently, when the model is

later compared to an abnormal operation, it may not detect the abnormality

operations.

[00187]  History should be as similar as possible to the data used in the on-

line system: The online system will be providing spot values at a frequency fast



nunber of physically redundant neasurenments, these
nmeasurenents nust be specially scaled so as to prevent
woOhewBram over whel m ng the sel ecti on of pri ncPprAaIS2005/032446
conponents (see the section on variable scaling). A
common processexanpl e occurs fromthe | arge nunber of
t hernocoupl es that are placed in reactors to catch
reactor runaways. [00182] Wien nmining a very |large
dat abase, the devel oper can identify the redundant
enoligASUIderaentis dhnotmiahgventcFossomtumsls acfiongeadabestitan
among all of the candidate jnputs. Those ne r.e t
opepations this sampling frearegey widkbe arquadAneRIY Sy %&ﬁf&ﬂ%
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devel opnment lies in creating a good training data set,
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are captured by the nodel, these unnodel ed operating

o NBRRBoPérhtingPRARS sheuldinorenadcuopdratl wilkbe fdpod@aledin the
i ncl ude normal operating data: |f strong abnor mal
ofataat i ng data is included in the training data, the
nodel will m stakenly nodel these abnormal operations
as..nor.mal_ o I ans.. Consequently, when the nodel is

A-|§€%PHE&B%$Z:;§HC&%8HI§%W& mal operation, it may not
det ec& the abnormality

1) Data Compression

[00189] Many historical databases use data compression to minimize the
storage requirements for the data. Unfortunately, this practice can disrupt the
correlation structure of the data. At the beginning of the project the data
compression of the database should be turned off and the spot values of the data
historized. Final models should be built using uncompressed data whenever
possible. Averaged values should not be used unless they are the only data

available, and then with the shortest data average available.

2) Length of Data History

[00190]  For the model to properly represent the normal process patterns, the
training data set needs to have examples of all the normal operating modes,
normal operating changes and changes and normal minor disturbances that the

process experiences. This is accomplished by using data from over a long period



operations. [00187] Hi story should be as sim|lar as
possible to the data used in the on line system Tlie
wonbicrwa1@ystem wi | | be provi di ng spot val ues aPC&/US2005/032446
frequency fastenough to detect the abnormal event. For
conti nuous refining and chem cal operations this
sanpling frequency wll be around one mnute. Wthin
the limtations of the dat& historian, the traini ng
data shoul d be as equivalent to onem nute spot val ues
of pAScdi® %?bﬁ{tﬁyns _[(Q.%.lﬁg]l gTengisy. aliegarticalar déealiffetenees among
Is to start with a |ong operating history (usual I_%( in
seaddnal opargton$ (Pring, stummear, arshwingyr) capdie ary signiticant
_renove those tinme periods with obvious or docunented
witla beforersand\eBgEECAlBFOGRSSEYy such a | ong tinme period,
the smal |l er abnornmal events will not appear with
[oofﬁglf | Cimhetihé£MBE81dnE dthechdsaifiatgaaia yeetviitable (e.g.
significantly influenCe the nodel parameters nost,
afte@ PauAidrogndroriethes bipmificama vecanfiguratesh ahtherbressequipment).
represented in the data. A_Hi stor_i,c.ai1 Dat.a Col | gfttien
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moggﬁijﬁdagﬁ% @ﬁgﬂﬁg%&xﬁmé ﬁ%geﬁra&@ k@bilpRd el ehdmdel the

ginning of the project the data
coefREBAREIthahgt htitkieatddittorsbbnew dag)t ur ned of f and
the spot values of the data historized. Final nodels
shoul d be built using unconpressed data whenever
3) pAgsillare HideeicapPdtaval ues shoul d not be used unl ess
they are the only data avail able, and then with the
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collddgednorim wilrecessd paebighate opdreating time periods as abnormal, or

operating in some special mode that needs to be excluded from the training
dataset. In particular, important historical abnormal events can be selected from

these logs to act as test cases for the models.

4) Lack of Specific Measurement History

[00193]  Often setpoints and controller outputs are not historized in the plant
process data historian. Historization of these values should immediately begin at

the start of the project.

5) Operating Modes

[00194]  Old data that no longer properly represents the current process
operations should be removed from the training data set. After a major process
modification, the training data and PCA model may need to be rebuilt from
scratch. If a particular type of operation is no longer being done, all data from

that operation should be removed from the training data set.



training data set needs to have exanples of all the
nor mal operating nodes, normal operating changes and
wohersgasi4and normal m nor di sturbances that thecpuse®s®32446
experiences. This is acconplished by using data from
over a |long periodof process operations (e.g. 9 - 18
nmonths). In particular, th%odifferences anbng seasona
operations (spring, summer, fall and wi nter) can be
very significant with refinery and chem cal processes.
[00[[99]191]O]i$&aﬁhg e shoeddbt asgl wtidenafyewheon thaprocasseWapFun
yet available (e.g. after a turnaround or other
under gifif¢iconnperatiogmodasr akhesn dtffertswemeaﬁ%g?éf TSR fERATSLC
In t e cases e de uld star 1.t r
mofflst Nheisahe grodstas MAsghiod opet i Vet rkfatfne i8es, e
tyal i | flas addel should be
o & P13 B s S S ERRRESE T LACH ORTaliat Mocels
qy%a Bvabhi.i zed (e.g. the nodel coefficients
ap onf%ﬁgﬁgﬁhe with the addition of new data) 3)
Ancillary Historical Data [00192] The vari ous
6) ofsmaplinpdRdgteurnal s for this tinme period should al so be
collected. This will be used to designate operating .
[001DGF PeThodsvaspatyhoultpather sevpe anouths of presess dp@aisang
node that needs to be excluded fromthe train

: n .
thedsite Bgrrocesshigtarinh cpreterablyrgeting ane FBRESROLN Al o s is

events can be selected fromthese |0 0 i
notgagugblco e MEhgtiderauian ot wify heg et ol of AeraEite
Hi. st or 00193] Oten setpoints and controller outputs

Sh%l‘ii)ﬁé%e i storized in the plant process data
hi storian. Historization of these val ues should
7) 1 iaRsthdn€llyyS ied Mtadubementtart of the project. 5)
—LCKeTE\ ing Modes [00194] A d data that no | onger
[om]?qper | Qubks Mesfiremehs (analyeers apddalesamples) davonasnuch
shoul d be rénoved fromthe training data set. Affer a
slowajr samplefregsemmydhin ofdr @rOcash E1QASHIAMSTS daR&nggomdans of

nodel may need to be rebuilt from .
minutes to daily. In or&er to t?ncluge these meastrements in the model a

continuous estimate of these quality measurements needs to be constructed.
Figure 8 shows the online calculation of a continuous quality estimate. This
same model structure should be created and applied to the historical data. This

quality estimate then becomes the input into the PCA model.

8) Model Triggered Data Annotation

[00198]  Except for very obvious abnormalities, the quality of historical data
is difficult to determine. The inclusion of abnormal operating data can bias the
model. The strategy of using large quantities of historical data will compensate
to some degree the model bias caused by abnormal operating in the training data
set. The model built from historical data that predates the start of the project
must be regarded with suspicion as to its quality. The initial training dataset
should be replaced with a dataset, which contains high quality annotations of the

process conditions, which occur during the project life.



scratch. If a particular type of operation is no

| onger being done, all data fromthat operation should
woeorsmsoMed fromthe training data set.[00195] PCT/US2005/032446

Operating | ogs should be used to identify when the

process was run under different operating nodes. These

di fferent nodes nay requirg separate nodels. Were the

model is intended to cover >5éver al oper ati ng nodes,

t he nunber of sanples in the training dataset from

each operating nodel shoul d be,aggroxinahe

Ly, ... .. "
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cept..for, very obvious abnornalities, the quality of
moﬁ?%‘t“é?%fgﬁoa&a is difficult to determne. The

i nclusi on of abnormal operating data can bias the

IV.DUR) & Phfcest Waadiis of using large quantities of

historical data wll conpensate to sone degree the

A nﬁﬁﬁbzﬁb% W&g@agﬁﬁbnor mal operating in the

e nodel built from historical
data that predates the start of the project
[00200]  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.

[00201] Now each measurement needs to be examined over its history to see
whether it is a candidate for the training data set. Measurements which should

be excluded are:
e Those with many long periods of time as "Bad Value"

e Those with many long periods of time pegged to their transmitter high or

low limits

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

controlled to their setpoints)



must be regarded with suspicion as to its quality. The

initial training dataset should be replaced with a
wda@aaiz4owhi ch contai ns high quality annot ati 8a%/Us2005/032446

the process conditions, which occur during the project

life.[00199] The nodel devel opnment strategy is to

start with an initial "roqgg[ nodel (the consequence

of a questionable training data set) then use the

nodel to trigger the gathering of a high quality

o ool 0% SR Bty ol dEp RaEG RGO RLTEY bl 11

n . i ons, special operations, and abnor nal
ogégﬁbflg% Anytime the nodel flags an abnor nal

operation or n.abnormal event is n.sse the I

o ¢ REosntnod st 1H0¢ B Poror Qo e MLt et et flents
t hi f eedback on the nodel's ability to nonitor
tﬁéﬁ’ﬁ\rl%%%ggc operation can be incorporated in the
training data. This data is then used to inprove the

o nddiese Wikhi Raerisignah 6, NOEEAAESS cont i nue to gat her better
quality training data. This process is repeated until

the nodel is satisfactory. TV. Data & Progess Anal ysis
(002020 ni t Wasileresggrinin e aliki-y0%s {06 RHPdbeY S pgSurements

axe ot A LY B f e phiefly BRERE B MR wongmurior igh
o o B b b bor el _oper at | ons. The
O, e e R AR A o
I3 SR Rl b BBt hbgaptie Ak mbe
or B Gbpet, Seldate oyshpdesharmi lasgony b
arSTRIAYS % GFGhe atindes nwastitenenpe jghtiddantthe imodel a d$einumaher of
PCIF;i s%lgu{)(:{ ullti?nvglt!cliyrpnztlt?:h the number of degrees of freedom in the process,

however this is not usually known since this includes all the different sources of
process disturbances. There are several standard methods for determining how
many principal components to include. Also at this stage the statistical approach
to variable scaling should be used: scale all variables to unit variance.

X'=(X- Xavg) | © Equation 7
[00204] The training data set should now be run through this preliminary
model to identify time periods where the data does not match the model. These
time periods should be examined to see whether an abnormal event was
occurring at the time. If this is judged to be the case, then these time periods
should also be flagged as times with known abnormal events occurring. These
time periods should be excluded from the training data set and the model rebuilt

with the modified data.



Those, which show very little variability (except
those, which are tightly controlled to their
weet@mdm4s) Those that continuously show very Pargs2005/032446
variability relative to their operating range Those
that show little or no cross correlation with any
ot her nmeasurenents in the ta set Those with poor
signal to noise ratios [00202] Wil e exanining the
data, those tine periods where neasurenents are
B. Raebvirg mdliestambPéBads ¥l brsrmul Gparatioinef |y pegged
to their transmtter high or lowlimts should al so be
[00205 Ud%iimih%ﬁ% 3bvioieabhbasel eealdwilobs dbay ehoagh thade
the first rough PCA nodel should be built. Since this
follo®/igi Nng to be a very rough nodel the exact nunber of
princi pal conponents to be retained is not inportant.
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reedomin however this is not usually
be doruiniersediteopdtating redordesuc s operatdr fdgs; eperatuehoage of
process di sturbances. There are several stapdard
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to.include. A's t.this stage the tistical

proyuling a Partia) r 8293%6 hﬁ?%%%gﬁg{]ﬁlaé%g' used: scale all
variables to unit variance. X = (X - Xavg) / s

Rerh6vigicl 9he poRA3AdWhEREkdy penfomarniatiadiatorshERId arewbermal.
run through this prelimnary nodel to identify tine
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agged as tinmes wth known abnornal events

wilPESUHIK $1%e a thesendicagonef pereds bbabbmbrivel epetatidas. Figure 9
the training data set and the nodel rebujlt ) ..
shows a histogram of a KPI. Since the operating goal for this KPI is to maximize

it, the operating periods where this KPI is low are likely abnormal operations.
Process qualities are often the easiest KPIs to analyze since the optimum
operation is against a specification limit and they are less sensitive to normal

feed rate variations.

C. Compensating for Noise

[00206] By noise we are referring to the high frequency content of the
measurement signal which does not contain useful information about the
process. Noise can be caused by specific process conditions such as two-phase
flow across an orifice plate or turbulence in the level. Noise can be caused by
electrical inductance. However, significant process variability, perhaps caused

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

[00207]  There are two primary noise types encountered in refining and

chemical process measurements: measurement spikes and exponentially
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Peri ods of Abnormal Operations [00205] Elim nating
wohviemas74abnor mal events will be done through PO®US2005/032446

foll owi ng: Renobvi ng docunented events. It is very rare

to have a conplete record of the abnormal event

history at a site. However,_,significant operating
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e Exclude the signal from the model

[00210]  Typically for signals with signal to noise ratios between 2 and 4, the
exponentially correlated continuous noise can be removed with a traditional low
pass filter such as an exponential filter. The equations for the exponential filter

are:

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

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

Y"is the current filtered value
Y™!is the previous filtered value
X" is the current raw value

P is the exponential filter constant

T, is the sample time of the measurement



[00207] There are two primary noi se types encountered
in refining and chem cal process neasurenents:
woramsenent spi kes and exponenti al | ycorr el at eBCT/US2005/032446
conti nuous noi se. Wth neasurenent spikes, the signal
junmps by an unreasonably | arge anount for a short
nunber of sanpl es before r_ggyrni ng to a value near its
previ ous val ue. Noi se spi kes are renpoved using a
traditional spike rejection filter such as the Union
fi I'T.0¢ the GREOBhe Toastanbunt of noise in the signal can
be quantified by a neasure known as the signal to
noise ratio (see Figure 10). This is defined as the
[002E1] 0 fighdie vattpuerty mwior sigmahto neise afios (for exampls less than
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these are: Fix the signal by renoving the source of
the nqi se he best answer) Renove / mnimze the
D. €8ering techni ques Exclude the signal
fromthe nodel [00210] Typically for signals wth
[00212hal Transhirsedratiabkes showkddre nckudedan thegodel for two
_exponentially correlated continuous noi se can be
diffesgriveasolSt h a traditional |ow pass filter such as an
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variables in the model are linearly correlated, significant process or equipment
non-linearities will break down this correlation structure and show up as a

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

[00214] Examples of well known non-linear transforms are:

e Reflux to feed ratio in distillation columns

e Log of composition in high purity distillation

e Pressure compensated temperature measurement
e Sidestream yield

e Flow to valve position (Figure 2)

e Reaction rate to exponential temperature change

[00215]  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



Pis the exponential filter constant Ts is the sanple

tinme of the measurenentTf is the filter time constant
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change [ 00215 Secon the data from process probl ens,
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leading variable using a dynamic transfer function. Usually a first order with
deadtime dynamic model (shown in Equation 9 in the Laplace transform format)
is sufficient to time synchronize the data.
Y()= e S Y(s) Equation 9
Ts+1
Y - raw data
Y’ - time synchronized data
T - time constant

® - deadtime

S - Laplace Transform parameter

[00217]  This technique is only needed when there is a significant dynamic
separation between variables used in the model. Usually only 1-2% of the
variables requires this treatment. This will be true for those independent
variables such as setpoints which are often changed in large steps by the operator
and for the measurements which are significantly upstream of the main process

units being modeled.



in the process neasurenents. For exanple, the
rel ationship between tower delta pressure and feedrate
wo0teaBet4dvel y |inear until the floodi ng poi nt PCE/US2005/032446
reached, whenthe delta pressure will increase
exponentially. Since tower flooding is picked up by
the break in this linear c r7rel ation, both delta
pressure and feed rate shdgl d be included. As another
exanpl e, catalyst flow problens can often be seen in
the delta pressures in the transfer line. So instead
pgdivegagh@pghain i’ endr essur e measurements in the
nodel , the delta pressures should be cal culated and
[002291 udethnifRuolY Pefhiag Bndngleatioaltprocsss¢ VA2 s nglyrteing
shows how t he process dynam cs can disrupt the correl a
movedfrobebne epetatiag puintentanothareEhese aapdeniaieniiongh ylere the

During the transition tine one . val ue, is, constantl
opashiaR g AB OBHTTEA AT PEAHER MEKGRANANEES 10/KEY PaPRRMS. or they

correl ati.on betwee h r '
carie s @ RV piBhEvanepage B E Yl BictEmeCt Fiihe fcaralyst
i H@&Hf_@@r& ' t] AEITS Qiok ZRtibaryhYThdsanglepatingngoint
deé{ghg ea mgléggﬁt%ltgérﬁz\iﬁrgg a dynam'lc trygxl;ferwe gt
chdnyBE he@nto bésteahdyedaiof dreate astatbonary dhtadeta Athemsvide taase c
nmodel (shown in Equation 9 in the Laplace transform
chdngesratrpnéansty appear @S tabnermalived{sachr oni ze t he dat a.
YXs) = e " QS Y(s) Equation 9 Ts + 1 Y - raw data Y
[0031% e ﬂé?x‘@cﬁ& @%Qsﬁ@ﬁfénf@ are tianBfEARa 8 devidtion variables:
eadtime S - Laplace Transform paranmeter [00217] This
de 8GN frauea infoving wvergdeperdimg pdist. histransfogmationr émremove

dynam c separation between vari abl d i h
theraydedge ngmg/p@imut is mqgi;@@fwhqﬁé:reat%?g ig(sﬁk mo eis for abnormal

. event detection. This is done by subtracting the exponentially filtered value (see

Equations 8 and 9 for exponential filter equations) of a measurement from its

raw value and using this difference in the model.

X=X - Xeerea Equation 10

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

Xuewa - €Xponentially filtered raw measurement

[00220] The time constant for the exponential filter should be about the same
size as the major time constant of the process. Often a time constant of around
40 minutes will be adequate. The consequence of this transformation is that the

inputs to the PCA model are a measurement of the recent change of the process

from the moving average operating point.

[00221]  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



variables requires this treatnment. This will be true
for those i ndependent variables such as setpoints
wohowlhsee of ten changed in | arge steps by theropaisaiosn32446
and for the nmeasurenments which are significantly
upstream of the main process units bei ng nodel ed. F.
Renovi ng Average QOperati ng goint [ 00218] Conti nuous
refining and chem cal proéé Ses are constantly being
noved from one operating point to another. These can b
meRuldth@ititb @0abs ondgse dfpeenrgdain. Omcarhisftansfaratstiom has

program nmakes changes to a key setpoints, or they n
beehealiutated the daiapetas aesaneplad e geldRMD 4Q 2 FRHE 18%4%"?5%

ol Al A0wPIGS, RECAbL BRaryEs thasof Rt st
changes need to be renoved to create a stationary

V. qugngreagop,erwi se these changes erroneously appear as
abnormal events. [00219] The process neasurenents are

[0022@!081‘ @R Adht SpalSHE MdRAremditahhesbedtessledie@and nigsnraining
movi ng average operating point. This transformation to
datd ssThae bedre baile themadlet can babuibguicklysusing sianddrdwosds.
creating PCA nodels for abnornmal event detection. This
I s done by subtracting the exponentially filtered
A. VSdalmg(MedelHapatsi ons 8 and 9 for exponential filter
equations) of a neasurenent fromits raw val ue and
A0 HieS,e 0 ' snt ¥ th&isthli®s 6flthe
LA M G et N L s G e
inp@RE Ml thalifonal tappheunhe® s¥alingis i dieidereach i@t byeite standard
Xfiitered - exponentially filtered raw neasurenment
deviQiRR20), Whin!theerapRsida sdtor the exponential filter
shoul'd ‘b e about the sane size as the mgjor tine
c slﬁat cgf the process. Often a time constant Efuation 11
ar'oun 11{ mnutes will b e adequate. The consequence
of this transformation is that the inputs to the PCA

nodel are a neasurenent of the recent han?e,dof the
[00324) es For input sets that contain a large number of nearly identica

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

Xy =X/ (O * sqrt(N) ) Equation 12

Where N = number of inputs in redundant data group

[00225]  These traditional approaches can be inappropriate for measurements
from continuous refining and chemical processes. Because the process is usually
well controlled at specified operating points, the data distribution is a combina-
tion 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



fromthe noving average operating point. [00221] In

order to accurately performthis transform the data
wehawoslditaoe gat hered at the sanple frequency tRar/US2005/032446

mat ches the on-line system often every mnute or

faster. This will result in collecting 525,600 sanples

for eachneasurenent to cover one year of operating

data. Once this transformatPon has been cal cul at ed,

the dataset is resanpled to get down to a nore

will'B ageablvenstiaivead shaibtemodesan: daviagionsirt the praness
of 30,000 to 50,000 sanples. V. Mdel Creation [00222]

mefdwremehss. speci fi ¢ neasurenents have been sel ected and
the training data set has been built, the nodel can be

1]t i ckly. ysi : '
o0t  HEEBPUR B R L s bshou
be ﬂfs%g%e@lte RBrdd\6f apIbiING Mkt ddtruré dpthg nofinel process distur-
traditional "approach to'scaling is to divide each
bar{c@@ of dbﬂngt@emtmgqmm cleanigas nohon ghe dggrae pf vadability that
raining data set. X i>= Xi / s . ti 11 10
OCCBES dumpgtcosfén@oqswé%adafo%@tﬁiqpeaatlfg}sg é‘qull Al Hgt%@‘z}ﬁéd

R R L e
approach is nodified to further divide the neasurenent
[00227] he Bigstds € identifpfintehgerindsbeherefthe prodeps Was Mot s@ning at

. nmeasurenents. For redundant, data gr.oups . x t
stejdEsfatet, bohwag algedrat eKPerIgREFHRE A Ségf%flﬁ%‘g't %bfiox Ségﬁ%&a&)

. data grou 00225] T t I ]
e Lk
oo LSRRt hestas vy
incRRINhS probes deddraté, she phodiico productionantsisraadithe preduct

data from steady state operations and datag f
qualitys tIhebe dey MRASBISS @5¢ pﬁfgi to segment the operar?lonsr fto 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.

[00228]  An alternative approach to explicitly calculating the scaling based on
disturbed operations is to use the entire training data set as follows. The scaling
factor can be approximated by looking at the data distribuion outside of 3
standard deviations from the mean. For example, 99.7% of the data should lie,
within 3 standard deviations of the mean and that 99.99% of the data should lie,
within 4 standard deviations of the mean. The span of data values between
99.7% and 99.99% from the mean can act as an approximation for the standard

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

[00229]  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.



poi nt change operations. These data will have overly
smal | standard deviations fromthe preponderance of

webtemdp1@bat e operati on data. The resul ti ng PCACT/US2005/032446
nodelwi || be excessively sensitive to small to
noderate deviations in the process neasurenents.
[00226] For continuous refigning and chem cal
processes, the scaling shoul'd be based on the degree
of variability that occurs during normal process

B. dSsleuting tecNgmber dfiPiringino &rompaigipoi nt changes not on
the degree of variability that occurs during
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opera tions. These are typically the process key
performance indicators and usually include the praocess
[00282Y r aTke ptdvespwildibave pmodheriof degeses of dregdomme which
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roduct ality. These k nme
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the effect of feed rate changes since this is usually the source of the largest

process changes. At some point, the developer must decide when the process
variation modeled by the principal components no longer represents an

independent source of process variation.

[00233]  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; p, of the original variables (which are called

loadings). Those coefficients, which are relatively large in magnitude, are the

major contributors to a particular PC. Someone with a good understanding of



[00229] Finally, if a nmeasurenent is often constrained
(see the discussion on saturated variables) only those
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shoul d be used for cal culating the standard devi ation
used as the scaling factor.B. Selecting the Nunber of
Princi pal Conponents [00230% PCA transforns the actua
process variables into a sét ~of i ndependent vari abl es
called Principal Conponents, PC, which are |inear
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plotdighe! aﬁﬁ@lnftfoft\iaﬂanbﬂ aesdeladiby abeh sugcessivg RIG (Fagnree 13).
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fc:q)rrpong ig usu resents the effect of feed rate
TeTHnBE §BS CormE "ses? ‘usual Iy the source of the
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VIMIFod A Testing @ Tunike process variation nodel ed by the
princi pal conmponents no |onger represents an
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an BPROIGRHA BSOS BB GriRE SBRGF AL b id it be
used. Instead the trigger point needs to be set empirically based on experience

with using the model.

[00236] 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.

A. Enhancing the Model

[00237] Once the initial model has been created, it needs to be enhanced by
creating a new training data set. This is done by using the model to monitor the

process. Once the model indicates a potential abnormal situation, the engineer



sense. The primary cause of the process variation
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identical measurements are present, and calculational redundancy when the

physical, chemical, or mechanical relationships are used to perform independent
but equivalent estimates of a process condition. This class of model is called an

engineering redundancy model.

I. Two Dimensional Engineering Redundancy Models

[00240]  This is the simplest form of the model and it has the generic form:
F(y;) = G(x;) + filtered bias ; + operator bias + error; Equation 14

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

filtered bias ; = filtered bias;; + N *raw bias ;1 Equation 16

N - convergence factor ( e.g. .0001 )



not overwhel mthe site engineer. A Enhancing the
Model [00237] Once the initial nodel has been created,
woRorsmadmot o be enhanced by creating a new traParmg2005/032446
data set. This is done by using the nodel to nonitor
t he process. Once the nodel indicates a potentia
abnormal situation, the engineershould investigate and
classify the process situa Pon. The engi neer will find
three different situations, either sonme special
PREFEIFoMAaTAL rikd:S OfMi Kixgxneax act ual abnor mal
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[00244]  Any two dimensional equation can be represented in this manner.
Material balances, energy balances, estimated analyzer readings versus actual

analyzer readings, compressor curves, etc. Figure 14 shows a two dimensional

energy balance.

[00245]  As a case in point the flow versus valve position model is explained

in greater detail.

A. The Flow versus Valve Position Model

[00246] A particularly valuable engineering redundancy model is the flow
versus valve position model. This model is graphically shown in Figure 2. The

particular form of this model is:

Flow + filtered bias + operator bias = Cv (VP)

a
(Delta_Pressure / Delta_Pressurereference)
Equation 17



F(y ) = Gx + filtered bias i + operator bias + error

i Equation 14 raw bias i = FCy ) - { Gx i) + filtered
woiem/oso@aer at or bias } Equation 15 = error fil Peras82005/032446
bias i= filtered bias + N *raw bias 1 Equation 16 N -

convergence factor ( e.g. .0001 )Normal operating
range: xmn < x < xmax Normal nodel deviation:
-(max_error) < error < (nta')@férror) [00241] The
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greater detal A. The Fl ow'versus Val ve Positi onMdel
control of the flow

[00247]  This particular arrangement of the flow versus valve equation is
chosen for human factors reasons: the x-y plot of the equation in this form is the
one most easily understood by the operators. It is important for any of these
models that they be arranged in the way which is most likely to be easily

understood by the operators.

B. Developing the Flow versus Valve Position Model

[00248]  Because of the long periods of steady state operation experienced by
continuous refining and chemical processes, a long historical record (1 to 2
years) may be required to get sufficient data to span the operation of the control
valve. Figure 15 shows a typical stretch of Flow, Valve Position, and Delta
Pressure data with the long periods of constant operation. The first step is to
isolate the brief time periods where there is some significant variation in the
operation, as shown. This should be then mixed with periods of normal

operation taken from various periods in history.



[00246] A particularly valuable engineering redundancy

nmodel is the flow versus valve position nodel. This
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formof this nodel is: Flow + filtered bias + operator

bias = Cv (VP) (Delta Pressure / Delta_ Pressurer

ef erence ) Equati on 17wher Fl ow. nmeasured flow

through a control valve Degéa Pressure = cl osest
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becomes an empirically determined parameter to account for the actual

positioning of the pressure measurements.

[00252] Often there will be very few periods of time with variations in the
Delta_Pressure. The noise in the Delta_Pressure during the normal periods of
operation can confuse the model-fitting program. To overcome this, the model
is developed in two phases, first where a small dataset, which only contains
periods of Delta_Pressure variation is used to fit the model. Then the pressure
dependent parameters ("a" and perhaps the missing upstream or downstream

pressure) are fixed at the values determined, and the model is re-developed with

the larger dataset.

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

[00253]  As with any two-dimensional engineering redundancy model, there
are two measures of abnormality, the "normal operating range" and the "normal
model deviation". The "normal model deviation" is based on a normalized index:
the error / max_error. This is fed into a type 4 fuzzy discriminator (Figure 16).
The developer can pick the transition from normal (value of zero) to abnormal

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



conti nuous refining and chem cal processes, a |ong
historical record (1 to 2 years) nay be required to
wgetoesaifpci ent data to span the operation of PO®US2005/032446
control valve. Figure 15 shows a typical stretch of
FIl ow, Val ve Position, and Delta Pressure data wth the
| ong periods of constant operation. The first step is
to isolate the brief time periods where there is sone
significant variation in the operation, as shown. This
shoul d be then m xed with periods of nolr mal .?.percflti on
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throllBRBhé Valve. IOMeSRabl thel devielser dan ube ther iyps drimzey f ect
in the nodel. [00250] The val ve characteristic curve
disceaninhtoreo theer Hath the ihper anichisareready ef Hig REIMALOPRrafing

guadratic val ve curve or W [ ece%/)){i se |inear

! h a
ranga gnst theriransHonframappraeal tp HPII?‘ET&RGF s the nost
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D. GFoieind BOARAL Fibw A Vepedtbgals val ue for "a" is 1/2 if

the measurenents are taken directly across the val ve.

el y Aksmblds RO 1/ tV a0e thddely which'is favored
[Ooégg:]oneéagn enpi \ff?f‘%ﬁ%y gehg p

cal term ned paraneter to account
by theloptheosds uaputpalsof itwse myodes irtie asingle inzry network so that

measurenments. [00252] Often there wl| be ver ew
the prend darlicapr wikkdeHhiheain fhatiatk plghsrcriticablpg ‘f%ﬁ‘xﬂl L3 8.
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downst ream pressure) are fixed at the val ues
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operator favored way to look at this group is through a Pareto chart of the flow / |

valves (Figure 17). In this chart, the top 10 abnormal valves are dynamically
arranged from the most abnormal on the left to the least abnormal on the right.
Each Pareto bar also has a reference box indicating the degree of variation of the
model abnormality indication that is within normal. The chart in Figure 17
shows that "Valve 10" is substantially outside the normal box but that the others
are all behaving normally. The operator would next investigate a plot for "Valve

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

II. Multidimensional Engineering Redundancy Models
[00257]  Once the dimensionality gets larger than 2, a single "PCA like"

model is developed to handle a high dimension engineering redundancy check.

Examples of multidimensional redundancy are:



the | arger dataset. C. Fuzzy-net Processing of Flow
versus Valve Abnormality Indications [00253] As with
wanyostoaorai nensi onal engi neeri ng redundancy nDEENUS2005/032446
there are two neasures of abnormality, the "norma
operating range" and the "normal nodel deviation". The
“normal nodel deviation” ig based on a normalized
i ndex: the error / max_err f- This is fed into a type
4 fuzzy discrimnator (Figure 16). The devel oper can
pi ck tRe I%feé‘é'iﬁétli@ﬁrésélﬁk@llﬁr.m pfesshiteen of zero) to
abnormal (value of 1) in a standard way by using the
nor mal iez eghateiiid £lol0B25 pFocas uhitdr-rmhatemal o wrayt 04 pgecess
i ndex is the valve position distance fromthe nornma
region. |unityp caF matedpriewin preeesspBiELi ng r egi on
of the val ve where a change in valve position w ||

[00% u'; i 2alibd ot ﬁlegﬁgé‘ﬁggggﬁﬂﬂﬁaﬁ@n therd kl?é’ﬁetéaltﬁlstgﬁﬂs {8 each

ce again opefr can use the e 4

reqlfli‘r'@ BYefHcssts 0 B@hpendate. CoiReqhaitly, themaodpksetahat mosiche
ends of the normal operating range and the transition

first developedst t o abnornmal operation. D. G ouping
Mul tiple Flow/ V Ivfg I\/ba l.s [00255], A,commopn_way of
gr oupFn@ tFF &1 (X rhaliess gfléslv'ﬁ%ﬂ’ﬁe T DI B it he
operators is to put all of these nodels into a single
f uzzy FoEtyeraGs ¢x hafilttied Bingnor opetatathoasawk Srotgl |
themthat all of their critical flow controllers are

wor Ki {n 1t pat_ca nodel HBkSGHiONE etrdh O, t he
fuzzy%g@{‘é\ﬁraﬂa? ?gufgltﬁgéagmblﬁg‘”c%rﬂagﬁn the ™ nor mar*
operating range" and the "nornmal nodel deviati OlEquation 18

i ndi cation for each of the flow val ve nodels. The

trend will contain the discrimnajor, result from,the
[00269kt rihwese mordelsane doyelqnedis dhe \ﬁi?&‘;icél @éﬁﬂ%&a{%e two
. equj pnent type is grquped t t - r operator
dm;eig;&ngge X‘?‘Bng ng‘?ﬁ?%{nf%gﬁo‘gg{q %e%tg r oggh a Pareto

chart of the flow/ valves (Figure 17). In this chart
[0026@] t opTHi® setwfonukidimehsienabehechy asami@sldopvertedinfed PCA

fromthe nost abnormal _on the left to.the.least. .
likedbmodela! Tdvis eonversigh gelies on the interpretation of a principle

component in 2 PCA model as a model of an independent effect on the process
where the principle component coefficients (loadings) represent the proportional
change in the measurements due to this independent effect. In Figure 3, there are
three independent and redundant measures, X1, X2, and X3. Whenever X3
changes by one, X1 changes by a; and X2 changes by a,. This set of
relationships is expressed as a single principle component model, P, with

coefficients in unscaled engineering units as:
P =ag X1 + ap X2 + a3X3 Equation 19

Where az=1

[00261]  This engineering unit version of the model can be converted to a

standard PCA model format as follows:



Each Pareto bar also has a reference box indicating

the degree of variation of the nodel abnormality
wondiepaii4on that is within normal. The chart i RCFIUSN06/032446

17 shows that "Valve 10" is substantially outside the

normal box but that the others are all behaving

normal | y. The operator vvoulég next investigate a pl ot

for "Valve 10" simlar to Figure 2 to diagnose the

problemw th the flow control [oop. //. i
[00244]t | diDransh®aadlogirgitn seniagl Retdkirmahnoycaptt] éhs cOWEZIPN

Once the dinensionality gets |arger thaT 2, a single
factoredar learle dimerden, X, ¢ Re bised bet%ﬁm QDfRagpe range. For

di mensi on_engi neeri ng redundancy check Exanlpll es_of
example, UgiEAg 6aaId egtisihingelmetheatmal pperping fangs (he

2 = .. = pressure n material flow into process unit
scalgdg/aﬁgblgsiaggdpﬁgﬁ%t of process unit 1 = ... =

material flowinto process unit 2 [00258] Beca

wgaseu“r)én@mloeea%ﬁ%l‘rﬁme(g errors, these equati on;Egmulﬁ’ﬂlﬁonZO

each require coefficients to conpensate. Consequently,
(90T R dRIrBE bpetatihgrdast shumld fald withén 8l@pLthei mearbi (y i)

=alG@ (Xi) + filtered biasi i + operator biasi_+

eI 21X R bMntlodopiat@B@ee( X ) + filtered bias2 | Bquation21

operator bias2 + error2> Fn(y i) = anG (x i) +

(cppbebherTis i aprel A evel SBLO) erRet HeRNER rifeo

ney-t hat two di nensi onal engineering reduaaaa6eN 22
g@@e‘[@@&?‘@dEZ%‘bped. [00260] This set of 4

mul ti di mensi onal checks are now converted into "PCA
(stdnklatd RO bealinpromceqneacas oare defesminait he

interpretation of a principle conponent in a PCA nodel
Theasthe Prbokslingsf fanXi avdependent ef fect on the process

where the principle conponent coefficients (| oagi
r dpr €5 X sibe/ pOPOr ta k.sca@%lhlgzg in the neasu?gﬂg%ﬁén 23

due to this indepéndent effect. In Figure 3, there are
- (the requirement that the loading vector be normalized)

This transforms P to
P=b;*X1+by*¥X2+ eee +b, *XN Equation 24
P’ "standard deviation" =b; + by + ee e +b, Equation 25

[00263] With this conversion, the multidimensional engineering redundancy
model can now be handled using the standard PCA structure for calculation,
exception handling, operator display and interaction.

Deploying PCA models and Simple Engineering Models for Abnormal
Event Detection

I. Operator and Known Event Suppression

[00264]  Suppression logic is required for the following:

e Provide a way to eliminate false indications from measurable unusual events



three i ndependent and redundant neasures, X, X2, and
X3. Wienever X3 changes by one, Xl changes by a and X2
wohersgas4by a2. This set of relationships is erorass®d032446
as a single principle conmponent nodel, P, with
coefficients in unseal ed engineering units as: P=ai Xi
+a2 X2 +a3X3 Equation 19 Whgye a3= 1 [00261] This
engi neering unit version of the nodel can be converted
to a standard PCA nodel format as foll ows:[00262]
o Diewiidg saway egtlear hinehen dedidatiems that theadpecatoc bps s,
the conversion factors for each dinension, X can be
basesstigatedhe nornal operating range. For exanpl e,
usi ng, 3s around the an, to define the nornm
* ofepucerginiie fempOTILE disaplovRPElS OE A UTFRFIHEF as:
scaie = X normal operating range / 6s Equation 20
(@gy?ggﬁ@c%ornal operating data shoul d fgll within 3 s

of A . .
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xﬁi}‘ggﬁ)'erh; W>g<§, ié gﬁgﬁeﬁﬂyg%‘?gﬁg gf%ﬁ%C‘A ScC a?rift%é once

nean and s are determ ned) Then the P ' | oadings. for
[00265dr e: There qraitwi typeseef SUPPrgssion. 1SYRNession WaHel 1) 2 ) m

MDA e TATL o
isi étéftgg ibgnthg QBErlatgrﬁ(ggt%H%ﬁé Q&gﬁ& éﬁq)%sgtti\x?n @ggﬁ Fg 81?)61%]ession is

shWh hin Figsres A8\ 0 nAlthbeghmtesé diapgeasis shalv thagiuppession
redundancy nodel can now be handl ed using the standard
oc@Gtingtonue fuzzsfied maslel ingdest 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.

[00266]  For operator initiated suppression, there are two timers, which
determine when the suppression is over. One timer verifies that the suppressed
information has returned to and remains in the normal state. Typical values for
this timer are from 15 - 30 minutes. The second timer will reactivate the
abnormal event check, regardless of whether it has returned to the normal state.
Typical values for this timer are either equivalent to the length of the operator’s

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

[00267]  For event based suppression, a measurable trigger is required. This
can be an operator setpoint change, a sudden measurement change, or a digital
signal. This signal is converted into a timing signal, shown in Figure 20. This

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

Y,=P* Y, +(1-P) * X, Exponential filter equation Equation 26

P = Exp(-Ty/Ty) Filter constant calculation Equation 27



exception handling, operator display and interaction.

Depl oyi ng PCA nodel s and Si npl e Engi neeri ng Model s for
waéhowrosel49 Event Detection / . Operator and KnoroTHESes/032446

Suppression [00264] Suppression logic is required for

the followng: Provide a way to elimnate false

i ndi cations from neasurabl e unusual events Provide a

way to clear abnormal indications that the operator

has investigated Provide a way to tenporarily disable

noget X or Ypeasur ement sTimimgreagmel eakoudationPr ovi deEgquatipn 28

to disable bad acting nodels until they can be retuned

Provide a way to permanently disable bad acting

i neheghrents. [ 00265] There are two types of

s fhere are | .
T aer clprint BUEERI Sl Gl bp R SOARL °2 Y
SUPQE_?SS' dr\é?Lo%E fhﬁaréd‘%lh@tcﬁ(i?@ﬁigg& spaptator. The

| ogi € behi ese two types of suppression is shown

i n K gur g drandali ofAht nogger sigrede di agrans show t he
suppressi on occurring on a fuzzifjied nodel index,
supBi essihertiming sigoalshowmninddgere2Par measur enent, on

a particylar nodel. .index, o n entire nodel, or on a
conbi nat @Onﬁ’é@@i@g‘?ﬁmwhg process area. [00266]

For yoper gl.or, b il SPuRYARISRakeM here are tuo

Fs, et eérm née en the suppression is over.

Oneﬁi methevighéd s colistant he suppressed informati on has
returned to and remains in the nornmal state. Typical

(008 ¢ dene a the FBing: Tigalds Aha Ve HeEy O dbEivn an e
Figil&gégglt%%xz&fxtl r%ﬁhg%uﬁ#ﬁ?ég . ThEWRER EPsétQtﬁllqé;Iéhgﬁl of the

_ I ¢a of thistiner are ei r _
sufitbésteh BYichhRgingehé einet tintf consearn By andthoaghvarskmple timer,
(8 to 12" hours) or a very large tine for .
cosldnilsqbe msetkfur thisfpnetien, dhis timing signal will account for trigger
signals of different sizes, creating longer suppressions for large changes and

shorter suppressions for smaller changes.

[00269]  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 mode] 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:

2 Equation 29

2_n

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

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



[00267] For event based suppression, a neasurable
trigger is required. This can be an operator setpoint
wohersga174a sudden neasurenent change, or a di gPCaUS2005/032446
signal. This signal is converted into a timng signal,
shown in Figure 20. This timng signal is created from
the trigger signal using the;follow ng equations: Yn=
P* Yn 1-H(I-P) Xn Exponential filter equation
Equation 26 P = Exr(-T/T f) Filter constant.
[002T@Jul aiWben Eduiggérorveny Bocuss,the conigibRijanyeightaie set to zero

cal cul ati an Equation 23 where: Yn [
fog apeobecnaus hgar 1 Pgarpesel  HES ek 4 9 86
val ue, of LS9 wSibEhR! cRME@ RS aMallweopl.
re?%évaser(gé%ée ?Sgtﬁgjlﬁla%ﬁ%égﬁggﬁrm%ng gnal shown in
Figure 20 P the exponential filter constant Ts the
IIs aRpUeMividat Dgtonipesi@tisur enent Tf the filter tine
constant [00268] As long as the timng signal is above
[08271] es hdiitoughhierP G4 modeliin brilgusing 20y 0ad pEocsse fuIPment
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1-on, I's timng signal wll account for

abddra@eevaitonal s of different sizes, creating | onger
suppressions for |arge changes and shorter

suppressions.for smyl ler ghanges, 0] '

(RTRE T FRelating hadip i ditoabiR 235 e i date sVl Sufh df Error
suppr [: disablin redefi ned sets of inputs in the

S Qr%(g%%ﬂ.igsl’he set o? !Onputs to be autonmati Eally

S

uppresggd j s determined fromthe on-line nodel Equation30
perFbr e iffhenever the PCA nodel gi ves an

indtaa_l'g:m {xﬁgt‘z the operator does not want to see,
t hi s i néiieht'ii6h can be traced to a small nunber of

i ndi vi dual contributions to
°
2 _ ] 2

[00273]  Usually these groupings are based around smaller sub-units of
equipment (e.g. reboiler section of a tower), or are sub-groupings, which are

relevant to the function of the equipment (e.g. product quality).

[00274]  Since each contributor, €;, is always adding to the sum of error
square based on process noise, the size of the index due to noise increases
linearly with the number of inputs contributing to the index. With fewer
contributors to the sum of error square calculation, the signal to noise ratio for

the index is improved, making the index more responsive to abnormal events.

[00275]  In a similar manner, each principle component can be subdivided to
niatch the equipment groupings and an index analogous to the Hotelling T index

can be created for each subgroup.



the Sum of Error Square index. To suppress these
i ndi vi dual contributions, the calculation of this
wondmw3i@nodi fied as follows: E 2_ 2 Equati onP29/USE005/032446
the contribution weight for input i (normally equal to
1) ei - the contribution to the sumof error squared
frominput i[00270] Wien a trigger event occurs, the
contribution weights are sétto zero for each of the
inputs that are to be suppressed. Wen these inputs
are to be reaclﬁg vgtfgi, the contribution wei ght Eguation 31
gradual |y returfried oi®1y&i ue of 1. //. PCA Model
Deconposi ti on [00271g Al t hough the PCA nodel is built
using a broad [,0s€e%s ukpnent scope, the node
i ndi ces can be g%gsgﬁﬂﬁgdkfnto groupi ngs that better
mat ch the operators' view of the process and can
i mprove the serPsicFiEi-l__yyblgﬁiit he index to an abnor nal
event. [00272] Referring again to Equation 29, we can
create several Pum-ef rQr Square groupings: 2 = | W
e Equation 30 8? [Z%E£ﬁ§P%06ually t hese groupings are
based around small er sub-units of equipnment (e.g.
reboi |l er secti dtpof rfbywn), or are sub-groupings,
which are rel evant t6 the function of the equi prment
(e.g. product qyaL' ¥) . [00274] Since each
contributor, e*2%q @%&hy§iadding to the sumof error
square based on process pnoise, the size of the index

due to noise i eagéﬁ,lll’.anearl y wth the nunber of
i nputs contributing to the index. Wth fewer
contri butors ton.the »f error square cal cul ation,

the signal to ndi Se~iatiid for the index is inproved,
maki ng the index nore responsive to abnormal events.
[00275] In a siT@Qk:aE._ er, each principle conponent
can be subdivided to  ” '

[00276] 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.

[00277] These new indices are interpreted for the operator in the identical
manner that a normal PCA model is handled. Pareto charts based on the original
inputs are shown for the largest contributors to the sum of error square index,

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

II1. Overlapping PCA models

[00278]  Inputs will appear in several PCA models so that all interactions
affecting the model are encompassed within the model. This can cause multiple
indications to the operator when these inputs are the major contributors to the

sum of error squared index.

[00279]  To avoid this issue, any input, which appears in multiple PCA

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



mat ch the equi pnment groupi ngs and an i ndex anal ogous
to the Hotelling T2 index can be created for each
weubgroupl , a _- Equation 31 [00276] The thr eBwiuds005/032446
for these indices are calculated by running the
testing data through the nodels and setting the
sensitivity of the threshal.ds based on their
performance on the test data [00277] These new
indices are interpreted for the operator in th
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00278] Inputs w || appear in several PCA

[00386F! S P fgﬂﬁ{ar écﬂbes” apﬂlwgﬁrabf aatiface deaonodel

ar Ietenlconp 3sed WI hin the Thi s can cause
[ .
- b %iﬁéﬁghﬁé‘%%&%mb%s 8 T REHBARG HOFe ahaIGF ProdcRlt s
in j
aBB@e{frtgggﬁal SHW'BQ % aldii S issue, any input, which

nodel s, is assigned one of

e
ﬁﬁ%ﬁ‘?‘g one while for the non-prinary PCA m)dels it
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e o ope of wth control over which nodels
[00281]  The final output from a fuzzy Petri net is a normality trend as is
shown in Figure 4. This trend represents the model index that indicates the
greatest likelihood of abnormality as defined in the fuzzy discriminate function.
The number of trends shown in the summary is flexible and decided in
discussions with the operators. On this trend are two reference lines for the
operator to help signal when they should take action, a yellow line typically set
at a value of 0.6 and a red line typically set at a value of 0.9. These lines provide
guidance to the operator as to when he is expected to take action. When the
trend crosses the yellow line, the green triangle in Figure 4 will turn yellow and
when the trend crosses the red line, the green triangle will turn red. The triangle
also has the function that it will take the operator to the display associated with

the model giving the most abnormal indication.

[00282]  If the model is a PCA model or it is part of an equipment group (e.g.
all control valves), selecting the green triangle will create a Pareto chart. For a
PCA model, of the dozen largest contributors to the model index, this will

indicate the most abnormal (on the left) to the least abnormal (on the right)



Fi gure 22 shows how these design objectives are

expressed in the primary interfaces used by the
wopercaBony [ 00281] The final output from a fuzprgTRSRe0E/032446

net is a normality trend as is shown in Figure 4. This

trend represents the nodel index that indicates the

greatest likelihood of abnornmality as defined in the

fuzzy discrimnate functioni4-The nunber of trends

shown in the summary is flexible and decided in
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is tgerderdhas 4 isditatiooof@bnotmalyl | ow |ine, the green
trlangle in Figure 4 will turn yellow and when the

d I
O, 98 RSP ot 0B LRl i
ma%ﬂés thé lbeddrif tRPBARdAL ParetdeWilhaht aend Poctoatach plot has
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equi pnent group (e.qg. trol val sel ectin .
b of Pk tEh PRRS RN SO ie Vs PSR e Was pofal (in
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[ 00283] For PCA nodels, operators are provided with a
[00285]d PHithtre, is wioi eguipmenineouphze, seldeting the: greeh riangla veill

Pareto. Wth the trend Pareto, each plo
take b @peralpiri st gl RESE M ErboR B el diden e summary
atlmate fromthe PCA nodel of what that neasurenents
re@fioul d have been if everything was normal (in

IIl
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Conponents (Nanmed) Wth Sensor Descripti .
Withdenear PessriptionsEngingening haitsapnaLrssial Companent Loading
- Overall Pressure Balance 1 MAIN FRACTI ONATOR BOTTOM O
FOSERIPIeGEYBalanbéE- 01 2 REGENERATOR OVERHEAD LI NE
PRESSURE KG CM2 1. 44E-01 3 FLUE GAS FROM REGENERATOR
1 ARESSBRETIYATOR BOTVIM OF SHEGS D FLUE GAS TOXPERF ARVI-44E-01
2 BERGENFRAXGROWERHEATELINE PREGBYREAS COVPRESSORC STA E-01
3 (LSS PREESENERREPBINEPSURE. 01 2. Regengf) Hela E-01
5

s

FOLENIAE GAS TO TERTIARY CYCLONE “44E-01
WET GAS COMPRESSOR 1ST STAGE DISCHARGE PRESSURE KG/CM2  1.44E-01

2. Regenerator Heat Balance

1 FLUE GAS TO TERTIARY CYCLONE TEMPERATURE DEGC -1.82E-01
2  FLUE GAS FROM REGENERATOR TEMPERATURE DEGC -1.81E-01
3 FLUE GAS COOLER GAS INLET TEMPERATURE DEGC -1.76E-01
4 REGENERATOR PLENUM NW TEMPERATURE DEGC -1.75E-01
5 REGENERATOR OVERHEAD FLUE GAS TEMPERATURE DEGC -1.70E-01
3. Coke Burn in Regenerator

1 AIRBLOWER FLOW KM3/HR 1.74E-01
2 AIRINTO AIR BLOWER FLOW KM3/HR 1.74E-01
3 AIR BLOWER TURBINE SPEED RPM 1.73E-01
4 AIR BLOWER TOTAL AIR SP OUTPUT PCT 1.70E-01
5 MAIN-AIR TO REGENERATOR BURNER FLOW KSM3/HR  1.54E-01

4, Feed Rate

1 WET GAS COMPRESSOR 1ST STAGE SUCTION DEGC 1.71E-01
TEMPERATURE

2 REGENERATOR DENSE BED AIR VELOCITY M/SEC -1.63E-01

3 PRIMARY CYCLONE INLET VELOCITY M/SEC -1.56E-01

4 SECONDARY CYCLONE INLET VELOCITY M/SEC -1.56E-01

5 REGENERATOR DILUTE PHASE AIR VELOCITY M/SEC -1.56E-01

5. Reactor Cyclones

1 MAIN FRACTIONATOR SLURRY PUMP AROUND DEGC 8.03E-02
TEMPERATURE

2 4TH SIDESTREAM TO FCCU FEED DRUM M3/HR 6.07E-02

3 FLUE GAS CO LEVEL VPPM 5.02E-03

4 REGENERATOR TORCH OIL ATOMISING STEAM FLOW KG/HR 9.26E-02

5 AERATION STM TO REACTOR STAND PIPE FLOW KG/HR 4.56E-03



1 FLUE GAS TO TERTI ARY CYCLONE TEMPERATURE DEGC
-1. 82E-01 2 FLUE GAS FROM REGENERATOR TEMPERATURE DEGC
worohe1dd 3 FLUE GAS COOLER GAS | NLET TEMPERAPURESDH6S032446
-1. 76E- 01 4 REGENERATOR PLENUM NW TEMPERATURE DEGC
-1. 75E- 01 5 REGENERATOR OVERHEAD FLUE GAS TEMPERATURE
DEGC -1. 70E-01 3. Coke Burn |n Regenerator 1 AIR
BLOAER FLOW KMB/ HR 1. 74E-0772 AIR I NTO Al R BLOAER FLOW
KM3/ HR 1. 74E- 01 3 AR BLOWNER TURBI NE SPEED RPM
6. 1A7,31E10%r@@at§LQ/\ER TOTAL AIR SP QUTPUT PCT 1. 70E-01
TO REGENERATOR BURNER FLOW KSM3/ HR 1. 54E- 01
4FRE§ﬁ¢tEBgtp¢;EjL|E)aQ<ETEm§R@¢NﬁERESSO? 1ST STAGED&JCTI ON 1.95E-01

1
> DEEED ToHEAODRIEINPERATIFREAZUREGENERATOR DENSEGBED Al RO5E-01
3 VREIFEIGWERTOREINELS B3 BUPBLVPRI MARY CYCLONE KRUGW2  -1.93E-01
4 VErEWDRUM BRESSURB6E- 01 4 SECONDARY CYCLONKG/GMET -1.92E-01
5 VErETY WEBEES-CONMRESEOB TREBREERATOR DI LURE/GWRASE-1.87E-01
AR VELOCI TY M SEC -1.56E-01 5. Reactor Cyclones 1
Tgkg%@umm&nﬂ TO FCCU FEED DRUM MB/ HR
’ g é c b S CO LEVEL VPPM 5. 02E- 03 4G/CM2  2.35E-01
2 E ERTeEMPERMTERNG STEAM FLOW i§EddR  2.25E-01
3 9 HERATPEBITOM TO REACTOR STAND Pl RETFLOW -2.15E-01
2 KeOTRHFEWRTER FADW R SYeAM BRI ty M3/HR  -2.08E-01
5 REACTOR TOTAL FEED FLOW M3/HR 1.85E-01
8. Steam Drum Operation
1 REACTOR SPENT JBEND AERATION STEAM VALVE POSITION PCT -2.48E-01
5 REGENERATOR AERATION STEAM J BEND VALVE POSITION PCT -2.34E-01
3  REGENERATOR TORCH OIL ATOMISING STEAM FLOW KGMHR - 2.12E-01
4 AERATION STEAM TO REACTOR STAND PIPE PRESSURE KG/CM2  1.89E-01
5 REACTOR AERATION STM SPENT J BEN KG/HR -1.78E-01
9. Control Of Aeration Steam
1 REACTOR STRIPPER LEVEL PCT -2.39E-01
2  REACTOR LEVEL PCT -2.37E-01
3 REACTOR STRIPPER HOLDUP TONS -2.37E-01
4 REGENERATOR OVERFLOW WELL TEMPERATURE DEGC 1.79E-01
5 REACTOR/REGENERATOR DELTAP KGF/CM2A -1.74E-01

10. Stripping Efficiency

1 MAIN FRACTIONATOR SLURRY PUMP AROUND DEGC -2.46E-01
TEMPERATURE

2 SLURRY PRODUCT TO FUELOIL BLENDING DEGC -2.44E-01

3  FCC FEED TO PREHEAT EXCHANGER TEMPERATURE DEGC -2.44E-01

4  FEED TO REACTOR RISER BYPASS DEGC -2.36E-01

5 FCC FEED TO PREHEAT EXCHANGER DEGC -2.34E-01

11. Cat Circulation Energy Balance

1 REACTOR RISER VELOCITY M/SEC -2.41E-01
2  TOP STEAM STRIPPER PRODUCT TEMPERATURE DEGC 1.80E-01
3  FCC FEED PUMP SUCTION TEMPERATURE DEGC -1.68E-01
4  FRESH FEED PREHEAT TEMPERATURE DEGC -1.66E-01
5 FEED TO REACTOR RISER TEMPERATURE DEGC -1.66E-01



1 FRESH FEED PREHEAT TEMPERATURE DEGC 1. 95E-01 2 FEED
TO REACTOR RI SER TEMPERATURE DEGC 1.95E-01 3 AIR
wWELMER1 7RURBI NE STEAM SUPPLY KG CMV2 - 1. 93E- 01 #CHTRANMS/032446
DRUM PRESSURE K@ CM2 - 1 .92E-01 5 STEAM TO WET GAS
COVPRESSOR TURBINE K@ CM2 -1.87E-01 7. Cat Circul ation
Pressure Bal ance 1 STEAM DRUM PRESSURE KG Cwve 2. 35E-01
2 STEAM TO SUPERHEATER TEVPERATURE DEGC 2. 25E-01 3
STEAM DRUM VALVE POSI TI ON PCT -2. 15E-01 4 BO LER FEED
12. Wb Be FLMhI®YSTEAM DRUM MB/ HR - 2. 08E- 01 5 REACTOR
FEED FLOW MB/HR 1. 85E-01 8. Steam Drum Qperati on
1 SREAGTORD SEPERHBENRR TRERAHANRETEAM VALVEDEGS! TI ON 3.21E-01
PSTEAR. v ORESS REGHANERAFORITAGIRATI ON STEAMPECTBEND  -2.84E-01
VAT YEMRCSREFIMSRPEEADER34E- 01 3 REGENERATORTOOREMRD 1-2.78E-01
AEOVARI TNCS STEANE AIERWLOR! HR 2. 12E- 01 4 AERATOONESIREAM.73E-01
TQTREMCTORUSTAMNATHRRE (MRESSURE KG CVR 1. 89FOOINESIR  -2.68E-01
REACTOR AERATI ON STM SPENT J BEN KG HR -1. 78E-01 9.
Control OF Aeration Steam 1 REACTOR STRI PPER LEVEL PCT
13. ElugGlasGooderREACTOR LEVEL PCT -2. 37E-01 3 REACTOR
STRI PPER HOLDUP TONS -2.37E-01 4 REGENERATOR OVERFLOW
WETRIPREVFBIRIRRREENRERATUREOE- 01 5 REACTOR/ REGEGERATOR-36E-01
DEIOPART EAN-P TNPRER PROPECH TEMPERATVREDI ng Ef qutquency F-27E-01
MECKS BOIRONSRATOR. QL BFENINEP AROUND DEGC N%%E— 01 2-21E-01
FEED TO REACTOR RISER VALVE POSITION -2.08E-01
STEAM TO DESUPERHEATER TEMPERATURE DEGC 2.00E-01

Qb W=

A wnNn —

14. Regenerator Cyclone Temperature

1 AIR FROM TERTIARY FINES HOPPER PRESSURE KG/CM2 -5.21E-01
2  REGENERATOR STANDPIPE AERATION VALVE POSITION  PCT 5.13E-01
3 REGENERATOR STANDPIPE AERATION FLOW . SM3/HR 4.98E-01
4  TERTIARY FINES COOLING AIR FLOW SM3/HR -1.88E-01
5 REACTOR AERATION STEAM STAND PIPE VALVE POSITION PCT -1.22E-01

15. Tertiary Cyclones

1 MAIN FRACTIONATOR SLURRY PUMP AROUND DEGC -4.29E-02
TEMPERATURE

2  4TH SIDESTREAM TO FCCU FEED DRUM M3/HR -2.78E-02

3 FLUE GAS CO LEVEL VPPM -1.12E-02

4 REGENERATOR TORCH OIL ATOMISING STEAM KG/HR 5.77E-02

5 REACTOR AERATION STEAM TO REACTOR STANDPIPE KG/HR 1.66E-02



TEMPERATURE 2 SLURRY PRODUCT TO FUELO L BLENDI NG DEGC

-2.44E-01 3 FCC FEED TO PREHEAT EXCHANGER TEMPERATURE
WOBMG/0327444E- 01 4 FEED TO REACTOR Rl SER BYPASSPOE®S2005/032446

-2.36E-01 5 FCC FEED TO PREHEAT EXCHANGER DEGC

-2.34E-01 11. Cat Circul ati on Energy Bal ance 1 REACTOR

RI SER VELOCI TY M SEC -2.41 _E-01 2 TOP STEAM STRI PPER

PRODUCT TEMPERATURE DEGC I.80E-01 3 FCC FEED PUWP

SUCTI ON TEMPERATURE DEGC - 1. 68E-01 4 FRESH FEED

PREHEAT TEMPERATURE DEPPENDBXER-Bi1 5 FEED TO REACTOR

RI SER TEMPERATURE DEGC - 1. 66E-0112. Strl RRE! | nvent ory

1 STEAM TO CASUENSINCER GELACHONAN 1y D21 E-01 2

STEAM DRUM P lO\I P -2.84E-01 3

STEAM TO E@%&%&ﬁ BHPEHS STEAM TO

gBEESHEATER FLOW TONNE/ HR - 2. 73E— 01 5 STEAM TO

HEATER TONNE/ HR. .- 2. 63E- - 1H:de Gas

Cool er 1 sﬁﬁbggb“sg\ﬂ E%E?ﬁ%%%@ééﬁégsee 01 2

T(P STEAM STRI PPER PRODUCT TEMPERATURE DEGC 2. 27E-01 3

‘ BI I% (@) FUEL OT BLENDI NG MB/ HR 2. 21 |Gkl 4

0L 5

Y
EEBD-TOREACTOR SER-VALVEPOSHTIONPCI

T AMPEACTS DA AP EE N PERATURE. DECS. 2. oABE

20 ge n|AEBENERBTORGHED TEMRERATURE: | Al R FROM TPEGCARY
I} NES|HHGRRER SrmsmeRboKETEMPERRTOREE- 01 2 REGEBIERATOR

BTAN |{1]JJ|£_C1W§+EWTW|¥ER E@VTI ON PCT 5. 13E-Rd&/HR

>N

5 STRIPPING STEAM TO REACTOR FLOW KG/HR

6 REGENERATOR AERATION STEAM J BEND KG/HR

7 REACTOR AERATION STEAM TO STANDPIPE KG/HR

8 REGENERATOR OVERHEAD FLUE GAS TEMPERATURE |DEGC

9 REGENERATOR TORCH OIL ATOMISING STEAM FLOW _|KG/HR

10 REACTOR CYCLONE 3B OUTLET TEMPERATURE DEGC

11 REGENERATOR BOTTOM NE TEMPERATURE DEGC

12 AIR BLOWER DISCHARGE TEMPERATURE DEGC

13 REACTOR AERATION STM SPENT J BEND FLOW KG/HR

14 AIR TO REGENERATOR BURNER FLOW KSM3/HR

15 FLUE GAS CO LEVEL VPPM

16 FLUE GAS CO2 LEVEL VOLPCT

17 FLUE GAS O2 LEVEL VOLPCT

18 CAT CIRCULATION TONNE/MIN

19 REACTOR THROTTLING VALVE DIFFERENTIAL KGF/CM2A

| |PRESSURE

20 AIR BLOWER DIFFERENTIAL PERSSURE KGF/CM2A

21 JREGENERATOR LEVEL |PCT

22 |REGENERATOR BED DENSITY KGF/CM2A

23 CAT GAS TO WET GAS COMPRESSOR PRESSURE PCT
VALVE POSITION

24 REGENERATOR SLIDE VALVE DIFFERENTIAL KGF/CM2A

PRESSURE




3 REGENERATOR STANDPI PE AERATI ON FLOW . SMB/ HR
4.98E-01 4 TERTI ARY FI NES COOLI NG Al R FLOW SM3/ HR
wo20B86811@9 5 REACTOR AERATI ON STEAM STAND Pl PEPEMUSEN05/032446
POSI TION PCT - 1 .22E-01 15. Tertiary Cyclones 1 MAIN
FRACTI ONATOR SLURRY PUMP AROCUND DEGC - 4. 29E-02
TEMPERATURE 2 4TH Sl DESTRE@@I_TO FCCU FEED DRUM M3/ HR
-2.78E-02 3 FLUE GAS CO L L VPPM -1. 12E-02
REGENERATOR TORCH O L ATOM SI NG STEAM KG HR 5. 77E- 02
REACTOR AERATI ON STEAMPRERBAXIZ STANDPIPE KG HR
1. 66E- 02APPENDI X 2 B: CATALYSTCI RCULATI ON PCA TAGS The
CCR- PCA Model : 6 Principal Conponents Wth Sensor
Descr T (ahl*laBGIAEN@tvdﬂielS Ryingipak@rpmments (Namesd)
CLE- PCA Model : 15 Princi pal Conponents (Named) Wth
Sm&nsenaasmscmtim]znﬁnwmgéhmn,garlml’nsmpdﬁpnmomélIp>a$1mg
Corrponent Loading 1. Principle Corrponent 1 1 SPONGE
Iﬁ?e@%ﬁﬁ onéetitME OUTPUT PCT -1 .41 E-01 2 C2- TO
SP(]\IGE ABSCORBER FLQN RATE KSMB/ HR - 1 . 40E-01 3 SPONGE

; T &:3953@11 4 CAT4 @hSo;
ﬁROl -9.46881
oW 01 2. PéNnQPlRIO € .1.39E-01

MER REESELER MBhgiRo

bHARGENE
D PA HX TEVkENsSAIRL. 7pB7Ed1 3
FRAC M D PA DEGC 1. 73E-01

N
2. Principle Component 2

1 MID PA TO DEETHANIZER REBOILER M3/HR -1.81E-01
2 MAIN FRAC MID PA HX TEMP DEGC 1.75E-01
3 HXINLET TEMP FR MAIN FRAC MID PA DEGC 1.73E-01
4 MAIN FRAC MID PA DRAW TEMP DEGC 1.55E-01
5  MAIN FRAC MiD PA TEMP DEGC 1.54E-01
3. Principle Component 3

1 MAIN FRAC. OVHD TEMP DEGC 1.65E-01
2 MAIN FRAC TPA RETURN TEMP DEGC 1.61E-01
3 INT STG COOL HX TEMP TO DEETHANIZER DEGC 1.61E-01
4  CAT GAS TO CAT HAS COMP TEMP DEGC 1.58E-01
5  CAT GAS COMP 1ST STAGE SUCTION TEMP DEGC 1.57E-01

4. Principle Component 4

1 CAT NAPHTHA SPLITTER TRAY 10 TEMP DEGC 2.77E-01
2 CAT NAPHTHA SPLITTER TRAY 6 TEMP DEGC 2.72E-01
3 CAT NAPHTHA SPLITTER TRAY 4 TEMP DEGC 2.71E-01
4 MAIN FRAC MID PA REBOIL SHELL I/L TEMP DEGC 2.63E-01
5 MAIN FRAC MID PA REBOIL TUBE O/L TEMP DEGC 2.56E-01

5. Principle Component 5

1 MAIN FRAC OVHD LEVEL Output PCT -2.00E-01
2 DISTILLATE FLOW TO DEETHANIZER M3/HR -1.94E-01
3 DEETHANIZER BOTTOMS LEVEL Output PCT -1.94E-01
4 DEETHANIZER BTMS FLOW TO DEBUTANIZER M3/HR -1.51E-01
5 DISTILLATE FLOW TO DEETHANIZER Output PCT -1.32E-01



4 MAIN FRAC M D PA DRAW TEMP DEGC 1.55E-01 5 MAIN FRAC

M D PA TEMP DEGC 1.54E-01 3. Principle Conponent 3 1
woB/BRAC. OVHD TEMP DEGC 1. 65E-01 2 MAI N FRAECTRA2005/032446

RETURN TEMP DEGC 1.61 E-01 3 INT STG COOL HX TEMP TO

DEETHANI ZER DEGC 1. 61 E-01 4 CAT GAS TO CAT HAS COwWP

TEMP DEGC 1. 58E-01 CAT GA? COMP 1ST STAGE SUCTI ON

TEMP DEGC 1.57E-01 4 Pring pl e Conmponent 4 1 CAT

NAPHTHA SPLI TTER TRAY 10 TEMP DEGC 2. 77E-01 2 CAT

6. 'VPHt e ECbhigsikedR6Y 6 TEMP DECC 2. 72E-01 3 CAT
NAPHTHA SPLI TTER TRAY 4 TEMP DEGC 2. 71 E-01 4 MAIN

@gs'\ﬁp@bnﬁ’@c REBG b oSt RACLs THRVRXDEGBEB B 3E- 01.155M6h N
Ao UEBED Fo HY

]
2 B@M}J L TEMP DEGCpeEGEHE- 01 5.,63E-01
3 ETERIMMPBARE BTME Al N FRAC OVHDEGEVEL Quiipmat-01
4
5

s&%@h@mﬂﬁmwﬁﬁ HOHOMARD DEKGHAN ZER NBH ER1

JCAQ""@@&R!@S@EEWE@WTONB LEVEL kQutpat PCH.60E-01
-1.94E- 01 4 DEETHANI ZER BTMS FLOW TO DEBUTANI ZER M3/ HR

-1.51 E-01 5 DI STI LLATE FLOW TO DEETHANI ZER Qut put PCT
7. -Rrizseiplei€onsponenpfe Conponent 6 1 BTMS PRODUCT TEMP
TO MAIN FRAC STRI P HX DEGC -1.65E-01 2 SLURRY PRCDUCT
1 TRHAGRBURNENM MAHGERAC FLOBE- 01 3 FCC FEEDIAO MAI 12.19RAC
o BTWINHXADEEMP BEGAR-TRAY4 GATGAS PRESSPDD VET GAS.08ENP
3 FQRINIERRE BEEOBMERAY 1 TEMPE- 01 5 CAT GA®HERRESS TO WKBE-01
4 CGARIKEMACKEMIMBRELAW TERK-101 DEGC 1.73E-01
5 MAIN FRAC TRAY 1 TEMP CONTRL DEGC 1.69E-01

8. Principle Component 8

1 DEBUTANIZER TRAY 5 DOWNCOMER TEMP DEGC 2.74E-01
2 DEBUTANIZER TRAY 5 DOWNCOMER TEMP DEGC . 2.74E-01
3 DEBUTANIZER REBOIL TO MAIN FRAC MPA HX DEGC 2.29E-01
4 DEBUTANIZER BOTTOMS TEMP DEGC 2.13E-01
5 DEBUTANIZER REBOIL RETURN TEMP DEGC 1.96E-01

9. Principle Component 9

1 DEBUTANIZER REBOIL RETURN TEMP DEGC -2.34E-01
2 DEBUTANIZER BTM TO REBOIL TEMP DEGC -2.22E-01
3 DEBUTANIZER BOTTOMS TEMP DEGC -2.17E-01
4 DEETHANIZER REBOIL RETURN TEMP DEGC 2.12E-01
5 DEETHANIZER BOTTOMS TEMP TO DEBUTANIZER DEGC 2.03E-01

10. Principle Component 10

1 DEBUTANIZER SAFETY VALVE Output PCT 1.87E-01
2 MAIN FRAC TRAY 1 TEMP CONTRL DEGC -1.77E-01
3 MAIN FRAC TEMP BELOW TRAY 1 DEGC -1.77E-01
4 MAIN FRAC TEMP BELOW TRAY 1 DEGC -1.72E-01
5 FCC FEED TO MAIN FRAC BTMS HX DEGC -1.71E-01

11. Principle Component 11

1 DEBUTANIZER MIN COND SUB-COOL TEMP DEGC 1.90E-01
2 MAIN FRAC BTMS RETURN TEMP CNTL DEGC -1.72E-01
3 BTMS RETURN TO MAIN FRAC TEMP DEGC -1.72E-01
4 SPA RETURN TO MAIN FRAC DEGC -1.71E-01
5 DEBUTANIZER OVERHEADS TEMP DEGC 1.68E-01



7. Principle Conponent 7 1 SPA RETURN TO MAIN FRAC
FLOW MB/ HR -2. 10E-01 2 MAIN FRAC TEMP BELOW TRAY 1
wo@uB1HCT - 2. 06E-01 3 MAI N FRAC BELOW TRAY 1PTENB2005/032446
DEGC 1. 78E-01 4 MAIN FRAC TEMP BELOW TRAY 1 DECC
1. 73E-01 5 MAIN FRAC TRAY 1 TEMP CONTRL DEGC 1. 69E-01
8. Principle Conponent 8 1 BUTANI ZER TRAY 5
DOMNCOVER TEMP DEGC 2. 74E- 0T 2 DEBUTANI ZER TRAY 5
DOMNCOMVER TEMP DEGC 2. 74E- 01 3 DEBUTANI ZER REBAO L TO
12 MRrh ERAE OGApoKeBER2 2. 29E- 01 4 DEBUTANI ZER BOTTOVB
TEMP DEGC 2. 1 E-01 5 DEBUTANI ZER REBO L RETURN TEMP

1 ﬁt % d nci pl e Conponent 9udHREBUTAN Zdeih1
5 RE PEGC - 2. 34E-01 2 DhEETAN ZER.BJde.gO
5 RE ,\LF AE- 01 3 DEBUTANI ZER;BOT TOVE, g2
4 SE ggﬂ QﬁHéA@F,_I;‘:EWNI ZER REBO L REJEEMN TEMP DBSEo1
5 2. EKDE ZERPBOTTOVS TEMP THEEBUTANI ZES)E-01

DECC 2. 03E- 01 10 Princi pl e Conponent 10 1 DEBUTAN ZER
SAFETY VALVE CQut put PCT 1.87E-01 2 MAIN FRAC TRAY 1
13TPvincipie €ompenent 137E- 01 3 MAIN FRAC TEMP BELOW TRAY
1 DEGC -1.77E-01 4 MAIN FRAC TEMP BELOW TRAY 1 DEGC

7 - 1F5@l§1:ﬂ,ﬂ_:sﬁ FEES HARFED TO MAI N FRAC BTMVBUBIMRDEGC - 4.06ELO1
o E- 9dTAlnCcPPrODUCTE Conponent 11 M3/HR 1.80E-01
3 HCD PRODUCT TO GOHF2 M3/HR 1.77E-01
4 SPONGE ABSORBER OVERHEADS TEMP KG/CM2 -1.77E-01
5 SPONGE ABSORBER OVERHEADS TEMP KG/CM2 -1.77E-01

14 Principle Component 14

1 LEAN OIL TO DEETHANIZER Output PCT 2.03E-01
2 SPONGE ABSORBER OVERHEADS TEMP KG/CM2 1.89E-01
3 SPONGE ABSORBER OVERHEADS TEMP KG/CM2 1.88E-01
4 TOTAL HCD PRODUCT M3/HR 1.73E-01
5 HCD PRODUCT TO GOHF2 Output PCT 1.69E-01

15 Principle Component 15

1 WET GAS COMP 1ST STG FRUM INTERFACE LEVEL PCT -3.05E-01
2 SOUR WATER FLOW TO HX M3/HR -2.99E-01
3 MAIN FRAC OVHD DRUM SW LEVEL Output PCT -2.94E-01
4 WET GAS COMP 1ST STG INT LEVEL Output PCT -2.30E-01
5 WET GAS COMP 2ND STG INT LEVEL Output PCT -1.81E-01



1 DEBUTANI ZER M N COND SUB- COCL TEMP DEGC 1. 90E-01 2
MAI N FRAC BTMS RETURN TEMP CNTL DEGC -1.72E-01 3 BTMs

weBkdidrBl 71O MAI N FRAC TEWMP DEGC -1. 72E-01 4 SPAPBETISRNS/032446

TO MAIN FRAC DEGC -1.71 E-01 5 DEBUTANI ZER OVERHEADS
TEMP DEGC 1. 68E-0112. Principle Conponent 12 1 TPA

FLOW TO MAIN FRAC M3/ HR - 2.
Qut put PCT -2.28E-01 3 MNAI

SE-01 2 TPA TO MAIN FRAC
FRAC OvVHD TEMP CNTL DEGC

2.02E-01 4 MAIN FRAC OVERHEADS TEMP DEGC 2. 00E-01 5
MAI N FRAC OVERHEADS TENPEENDIX 39E-01 13. Principle
Conponent 13 1 FCCU FRESH FEED RATE M3/ HR 2. 06E-01 2

TOTAL HCDgRRSB
GOHF2 MB/ HR

KG Cwve - 1. 77E- 01 5 SP(]\IGE ABS(]?BER O\/ERHEADS TEMP

AT ¢ e 4 7 L
R IR G RS o

TR it 8t

FePR6AmA1Q dadiichs@k
rrponent 15 1 WET GAS

1ST

mafehGip-RUM | NTERFACE LEVEL PCT - 3. 05E-01 SOURWATER FLOW

TO HX M3/ HR -2.99E-01

B. Regenerator-Cyclones Monitor:

Predicted Tag Description 1Units
FLUE GAS FROM REGENERATOR TEMPERATURE
Coefficient
Input Tags
REGENERATOR DILUTE PHASE PRESSURE KG/CM2 -63.08
FCC STACK NOX LEVEL VPPM -0.0932
FLUE GAS O2 LEVEL VOLPCT -13.99
REGENERATOR UPPER DILUTE NNE TEMPERATURE DEGC 1.834
AIR BLOWER DISCHARGE TEMPERATURE DEGC 0.0284
OIL TO AIR FLOW RATIO 29.94
STRIPPING STEAM TO REACTOR FLOW KG/HR -0.0035
Predicted Tag Description Units
REGENERATOR DILUTE PHASE PRESSURE KG/CM2
Coefficient
Input Tags
FLUE GAS FROM REGENERATOR TEMPERATURE IDEGC -.00138
{FCC STACK NOX LEVEL VPPM -0.000653
FLUE GAS O2 LEVEL VOLPCT -0.01399
|REGENERATOR UPPER DILUTE NNE TEMPERATURE DEGC 10.00174
STRIPPING STEAM TO REACTOR FLOW KG/HR 10.00001091
AIR BLOWER DISCHARGE TEMPERATURE DEGC 0.00132
OIL TO AIR FLOW RATIO 0.26
Predicted Tag Description Units
FLUE GAS O2 LEVEL VOLPCT
Coefficient
Input Tags
FLUE GAS FROM REGENERATOR TEMPERATURE DEGC -.0298
REGENERATOR DILUTE PHASE PRESSURE KG/CM2 -1.51
FCC STACK NOX LEVEL VPPM -0.00435
REGENERATOR UPPER DILUTE NNE TEMPERATURE DEGC 0.0485
OIL TO AIR FLOW RATIO -0.693

WhowldTall




MAI N FRAC OvHD DRUM SW LEVEL Qut put PCT -2.94E-01 WET
GAS COWP 1ST STG I NT LEVEL Qutput PCT -2.30E-01 WET
WGEAB6MOONMR9 2ND STG | NT LEVEL Qut put PCT PCT/US2005/032446

-1. 81E- 01APPENDI X 3 ENGA NEERI NG MODELS / | NFERENTI ALS
A. Regenerator Stack Val ves Monitor The regenerator
stack valves A and B val ues,are cross-checked agai nst
the differential pressure controller output. Under
normal conditions they should all match up. B.
C. GagoneviatBlowey NMoniter Moni t or : C. C4101 Air Bl ower
Moni torD. Carbon Bal ance: This nonitor focuses_aon the
Predicedatag fesarimiont he 4t h pri nci pal conpdnéht of fhe
AIRGaDW Yo IRBL@WERt i on CCR- PCA npdel . EKM3/HR
Cat-Carryover-to-Main Fractionator: This noni t (toefficient
Inpetegks whether the follow ng variablgs are within
AIRIBLOWER NLET PRESBROREL or stri pper | evel [ KGIEOMEReac48i27
AIRBLIOVWEETURBINE@BPEESUr €, (Cc) Mai n Fract|RBMat or b®G1d8%
AIRTOMPREISOR DiSoHamRGERI pressure and (dkGSM2rry {153
Punmpar ound fromthe Main Fractionator pressure F.
C4201 Wt Gas Corrpressor: G Val ve- Fl ow Mbdel s There

Prea g{qd“l’ac"ﬂe%brlﬁﬂpln*" vatvenodets—devel gh‘ﬁ'sfor the AED
KE varve ts—h fattn
STEAM TQ AR BLAWERTUREINE "7 "~ 0 = o [FONNERIRTL g

HERC . ofpensSat cg for—the %Jeﬁ,l_g!gnt
Wﬁﬁgﬂ e— nht hi-s—ranner: G’)i":"pGi’iSaE\:u F'. oW = Ft7—(DPf
ARELOWER FURBNE EXOAUST S n:ﬁﬁé}fﬁ'ﬁﬁ&}’:;@? 07
ARGV STEATSIRRLY oS e e e
AIRBLOEER TURE NES.PE Hat-ed—Conpensat-ed—H I\?VPM. re—tthe /le,otggai

Conmpensated Fl ow to check the
Predicted Tag Description Units
REGENERATOR UPPER DILUTE NNE TEMPERATURE DEGC
Coefficient
Input Tags
FLUE GAS FROM REGENERATOR TEMPERATURE DEGC 0.367
REGENERATOR REGEN DILUTE PHASE PRESSURE KG/CM2 16.34
FCC STACK NOX LEVEL VPPM -0.4
FLUE GAS O2 LEVEL VOLPCT 4.58
STRIPPING STEAM TO REACTOR |KG/HR 0.00166
OIL TO AIR FLOW RATIO -14.574
Predicted Tag Description {Units
AIR BLOWER DISCHARGE TEMPERATURE |DEGC ,
Coefficient
Input Tags
FLUE GAS FROM REGENERATOR TEMPERATURE DEGC 10.156
REGENERATOR DILUTE PHASE PRESSURE KG/CM2 133.24
FCC STACK NOX LEVEL VPPM 10.0277
FLUE GAS O2 LEVEL VOLPCT 0.764
REGENRATOR UPPER DILUTE NNE TEMPERATURE DEGC 0.0431
OIL TO AIR FLOW RATIO 5.27

STRIPPING STEAM TO REACTOR KG/HR -0.00084




nodel consistency (X-Y plot). The followng is the

list of the 12 valve flow nodels. The order of the
woaoicaBi@as in the nodel s bel ow are thus: (OP, PCT/US2005/032446

UpPDnP, StdDP, a, Bound) CLAIMS: 1. A nethod for

abnormal event detection (AED) for some process units

of a fluidized catalytic crgacking unit (FCCU)

conprising: (a) conparing ohline nmeasurenents fromthe

process units to a set of nodels for normal operation

D. T atiun Baldamwepondi ng process units, (b) detemning if
the current operation differs from expected nor nal

ThRRAbALbPISuSEs a8 theoTiskidistiatof thdatppésepakcahpanent of the
abnormal condition in a process unit, ?c) assi sting
Catdbgst|Cioodatsom QEPRHECA toodédt er mi ne t he underlyi ng cause
of an abnormal condition in the FCCU, and (d)
perform ng corrective action to return the unit to
E. rGatv@aropevexrttooMain Fracionatdrsd of claim 1 wherein
said set of nodels correspond to equi pnment groups and
Thixpabaitbnchevbd eshetherethadodowing varsatiesyareupithini loniteay
i nclude one, or re operating node. 3. The nethod of
(a)éh@ﬁ%@t%émwrggwﬁ set of nodels correspond to

(b)ﬁlg%ﬂg%ie&i'ff&éﬂﬁﬂgr@s@gre?rOCeSS operating nodes, one

I"for each dgroup and each node. 4. The nethod of
(c)MaimFactibaater botteind serineydiiferegtislipeessurelande al |

(@bt PanBamenddrange Mt e e o cqui prent

groups include quick recycles in the sanme group. 6.

F. 10£20eWedGat Cdmpressorher ei n sai d set of nodels of
nor mal operations include principle conponent

Prdditiéd Pag/Desthptioret hod of cl al m QUaiker ei n| set of fmodel s
2NDSTRGESUCTIRR FEOWONS KSM3/HR

|Coefficient
Input Tags
CAT GAS DISCHARGE PRESSURE KG/CM2 2.26
STEAM PRESSURE TO TURBINE KG/CM2 -0.89
STEAM TURBINE SPEED RPM -0.0023
Predicted Tag Description Units
STEAM FLOW TO WET GAS COMPRESSOR TONNE/HR
TURBINE

Coefficient
Input Tags
TURBINE EXHAUST STEAM PRESS |KG/CM2  |2.26
STEAM PRESSURE TO TURBINE KG/CM2  {-0.89
STEAM TURBINE SPEED |RPM -0.0023
Predicted Tag Description Units
1ST STAGE DISCHARGE FLOW {TONNE/HR

Coefficient
Input Tags
1ST STAGE SUCTION PRESSURE KG/CM2 -4.14
1ST STAGE DISCHARGE PRESSURE KG/CM2 6.55
STEAM TURBINE SPEED RPM -.0013
Predicted Tag Description Units
CAT GAS TO E4210 TONNE/HR

Coefficient
Input Tags
CAT GAS DISCHARGE PRESSURE KG/CM2 |3.18
STEAM PRESSURE TO TURBINE KG/CM2 -0.837

{STEAM TURBINE SPEED RPM -0.00253




i ncl udes engi neering nodels. 8. The nethod of claim1
wherein said set of nodels of normal operation for
weagats/)pr@eess unit is either a Principle ConmpoRemiUs2005/032446
nodel or an engi neering nodel. 9. The nethod of claim
1 wherein said nodel of normal operation for each
process unit is determ ned_using principle conponents
anal ysis (PCA), Parti al Qgt Squar es based
inferentials and correlatlon based engi neeri ng nodel s.

' G. VAlvellRpwMI§@dsof claim 9 wherein said Fluidized
Cat al yst Cracking Unit and downstreamtowers are

Theﬁ% ity fj 8* E? ﬁqa& e#pé?gﬁ bcﬂ-:er f{)gJthﬂér FROIATEES Salgpilx(]:atidlfh All the

process units are
ke ST flbheisFkddebpeisatedfor the
vah%'zf.ﬂoﬁﬁ %}{eﬂgﬁ?—%ﬁ) agﬁ%‘%hﬁ%ﬁ%ner ein there are ten
DelepPresurenalthisesdnmens. 13. The nethod of claim 11
wherein the ten operational sections include
React or - Regenerator, Light Ends Towers, Cat
Corpénsateat Flow —Sﬂat:kDB'bSlsdd-Sﬁ))"Q/whemes Ai r Bl ower,
Carbon Bal ance, Catal yst Carryover to Min
0 C, Mage! StdDP =
lfe&%l I?tﬁ)%?’ho UgTéhS? gjﬁl %ﬁgr%éél angltll:lﬁﬁ%zfﬁh?M ee

StaidQr PBIth theMd:t argegniamaiees A pltisnthensmadgrimtween the
i ndicating the probabl ity of an abnormal condition in
Estintted rGempdissateth Elove tanddthef Aetual frognpgnsatadnbloyy do check the

modal GURSIZRRY (Re¥ oo d 161 1AL RESS e B3t Dy 12 Vabve flow
mo ‘ﬂ? .?ﬁn? I%qle% G@}BQ QAksbRE e hﬁ)d;eg{ b@ibw £feCbis PIOP, qu§ UpP—

Ome process vari abl e val ues neasured by
Dnb "§idBPT8. BRea;- 17. The nethod of claim 13 wherein

sai d nmodél furg.her identifies the

VALVE FLOW MODEL StdDP (A Bound
1 |REGENERATOR LIFT AIR VALVE |0.489 0.376 |1.3
2 |REGENERATOR STANDPIPE 3.6 0.2 5.95
AFRATION VALVE

3 |MAIN FRACTIONATOR SLURRY  17.98 0.5 17.5
PUMP AROUND RETURN VALVE

4 |REACTOR SPENT JBEND 40 2 40
AERATION STEAM VALVE

5 |REGENERATOR AERATION STEAM|1.94 0.25 87.5
J BEND VALVE

6 |REACTOR STRIPPING STEAM 17.9 0.1 157
VALVE

7 |FCCU FRESH FEED VALVE 14.8 0.731 |8

8 |MAIN FRACTIONATOR TOP PUMP 0.384 0.029 |35
AROUND VALVE

9 |REACTOR AERATION STEAM 14.3 0.5 17.5
STANDPIPE VALVE

10 |SLURRY PUMPAROUND QUENCH |18.4 0.5 5.25
TO MAIN FRACTIONATOR VALVE
11 |MAIN FRACTIONATOR MID PUMP |8.54 0 28
AROUND TO HEAT EXCH VALVE
12 |FEED TO REACTOR RISER BYPASS |8.52 0.5 17.5
VALVE




consi stency between tags around a specific unit, air
bl ower, regenerator cyclones, valves/flow and wet gas
woaopresaer, to indicate any early breakdown i RCTHS2005/032446
rel ati onship pattern. 18. The nmethod of claim 17
wherein said nodel further conprises suppressing nodel
calculations to elimnate fal;se positives on speci al
cause operations. 19. The method of claim9 wherein
(a) determ ning said nodel begins with a rough nodel
Son questionabl e data, (b) using said rough nodel
to gather high quality training data, and inprove the

model], Anfethel fof RBRrntd estetddtddtidio( ABD) fier sdmp poocess units
t he nodel. 20. The nethod of claim 19 wherein said

of ndlndizgd datalytimelaoking UnitsFErCACOBRISIHSr t he nodel
of the processing unit. 2 1. The nethod of claim 20

wh i i d del.. i ncl ud '

e ol R SRR TR TPt Ao a 3810t
n ehsaRJr%Irfnang&%ﬁf)ﬁfok% tréRedimt prockes whigg i 1 1 ation
columms, Tog of conposition in high purity

distillation, pressure conpensated tenperature
meas (b e ndstermisingeifithe anrgitedperation diffess feany expeed ngrmal

and reaction rate to ex te rature). ,23. ..The .nod
operations §p 28 toaKfiets the Sé%"rern:gte%’r a‘ﬂ&\)é‘ml S%ﬂ‘ﬁé’nfl&ra R?‘J\%ess

vatri abl es are brought into tinme synchronization by one
U3 t he vari abl es usi ng a dynami c transfer function. 24.

The nodel of claim 20 wherein variabl es of process

meas g e nesissing e procesabpaatordo bgterpenathandsslyimg cause of an
changes in_process operations are converted to

abinoinaali comditzon wothe S GyUsald r acti ng t he novi ng aver age.

25. The nmethod of claim 20 wherein said nodel is

corr ed f.or .noi - A ] fon.
oL 38, B8 e 8, I B B3l oeraion
2. The method of claim 1 wherein said set of models correspond to

equipment groups and operating modes, one model for each group which may

include one or more operating mode.

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 2 wherein said equipment groups include all

major material and energy interactions in the same group.

5. The method of claim 4 wherein said equipment groups include quick

recycles in the same group.

6. The method of claim 5 wherein said set of models of normal

operations include principle component models.



or elimnating noisy neasurenents of variables. 27.

The net hod of claim 20 wherein the neasurenents of a
woaoicaBi@are scal ed. 28. The net hod of cl ai m BET/US2005/032446

wherein the nmeasurenents are scaled to the expected

normal range of that variable. 29. The nmethod of claim

4 where a |ist of abnornalj%y_nnnitors automatically

identified, isolated, ranked and di splayed for the

operator. 30. The nethod of claim9 where the operator

i s fir eShammihod of chimghwhtiein setf afrmadéls of awraial operetions
. levels of detail to aid in the investigation of the
incdydastengmeermganpdeliod of clai m 20 wherein the nunber

of principle conmponents is chosen such that

caudt ThEGSnSA ob CRGRLT RARHAE <A RPOF Moo ER Mpgration

equ n Size. erelrn sal

forbdcRPrB & s GRS REMES a IPREIcHIE (RRs@RatyM0dabbesn engineering
provided by online neasurenments. 33. The nodel of

madedi m 32 wherein some nmeasurenment pairs are tine
synchroni zed to one of the variables using a dynamc

reabir st PP L el B B RES o
coLORAERI, L e RESGeMREE AR o RAR g e,
Py T8 Ser8YPRRA ifferBhitil€ hid eofelmpioncttsed ienghretinged

by the magnitude of total process variation

modejis.esent ed by successive components. 36. A systemfor
abnormal event detection (AED) for sone of the process

(2) 1 SheS grethustdt oD tRRS AN a ECRRL R ne

UmP S PaS S t\Fers are decomposed into twelve abnormality monitors.

11. The method of claim 1 wherein said process units are divided into

operational sections of the FCCU system.
12. The method of claim 11 wherein there are ten operational sections.

13. The method of claim 11 wherein the ten operational sections include
Reactor-Regenerator, Light Ends Towers, Cat Circulation, Stack Valves,
Cyclones, Air Blower, Carbon Balance, Catalyst Carryover to Main

Fractionator, Wet Gas Compressor, Valve-Flow Models.

14. The method of claim 9 wherein each of the abnormality monitors
generates a continuous signal indicating the probability of an abnormal condition

in the area.

15. The method of claim 9 wherein said models include process

variables values measured by sensors.



process units, (b) a display which indicates if the
current operation differs from expected nor nal
wopersaBians so as to indicate the presence of RAT/US2005/032446
abnormal condition in the process unit, (c) a display
whi ch indicates the underlying cause of an abnor nal
condition in the HDC process unit. 37. The system of
cl ai m 36 wherein said nodel®for each process unit is
either a Principle Conponents nodel or an engi neering
nodes. B mEtedsorsdigiin of widraimaa3d prineipde nompbachtsicf models
partitioned into three operational sections with a
forRtiffaming peocCssrpoiteinciudmeiune porcesayariakie viades measurgrbby the
system of claim 38 wherein said Principle Conmponents
Same EPRP@E process vari abl es provided by online
nmeasurenents. 40. The system of claim 38 wherein said
”Dd?*;_ fid ﬁ%fh&%%lhﬁﬁﬁ 3SHRRERSSHN ShotRy Ehrika idehatiesthe
to e[imnate operator induced notifications and fal se
comPstbhdyVBSGwedn tdhcarsuad anspetific wiinadbloher aiegengrajor
deriving said nodel begins with obtaining an initia
cyctones, vbbelaypend gies gok cnaipressaatta indiggte @y earlysbegkdown
. initial nodel to refine the data and inprove the
in thegelationsiPMafteM-er ati vel y repeating step (b) to
i nprove the nodel. 42. The systemof claim4 1 wherein
sai gt r’ﬂﬁé‘fn@%&ﬁ?@clﬁﬁﬁ dlwfaéi‘éﬁﬁsa{w $h&d] §atthéddsinplisdshe
processing unit for nodel devel opnent. 43. The system
suﬁﬁreé‘diﬁ% Modd] vhlenkiions & dlimbatet false pusiéives paspecinhediise
vari abl es. 44. The system of claim 43 wherein said
optmatiog$.or ned vari ables include reflux to total product
flowin distillation colums, |og of conposition and

overhe ressus €. in. dist il | :

co Wﬁgn Z’glixeglal af claim e95 Whidedtt {8 Ut I s Tﬁoqdé'i 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 (c) repeating step
(b) to further improve the model.

20. The method of claim 19 wherein said training data includes

historical data for the model of the processing unit.

21. The method of claim 20 wherein said model includes transformed

variables.

22. The method of claim 21 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 exp (temperature).

23. The model of claim 19 wherein some pairs of measurements for two
variables are brought into time synchronization by one of the variables using a

dynamic transfer function.



nmeasurenents, flow to valve position and bed

differential tenperature and pressure. 45. The system
wohomlaizaw 42 wherei n sone nmeasurement pairs ar BCTIUSE005/032446

synchroni zed to one of the variables using a dynanic

filter. 46. The system of claim42 wherein the process

nmeasur enent vari abl es affecgt ed by operating point

changes in the process oper R ons are converted to

devi ation variables. 47. The system of claim42

whepgi Midmodebsiucleink 20swikdren vaiitded ef progescmeesiirements

prior to nodel identification. 48. The systemof claim
that dreviffected by Ieperasae PeiRkehangss &1 BROSEEHOPRIatiARS aseramvered

normal ran of that variable. 49. The system of cl ai
to devigjiep 8?9%%%6%@?“8% fg‘FiIﬂ‘BY‘ﬁ‘Ige@w@B%&%ent sis o

sel ected by the magnitude of total process variation

r ephesept e MoEHCAsTS DO EQERPEEA Wsedel is corrected for noise.

26. The method of claim 25 wherein said model is corrected by filtering

or eliminating noisy measurements of variables.

27. The method of claim 20 wherein the measurements of a variable are

scaled.

78. The method of claim 27 wherein the measurements are scaled to the

expected normal range of that variable.

29. The method of claim 4 where a list of abnormality monitors

automatically identified, isolated, ranked and displayed for the operator.

30. The method of claim 9 where the operator is presented with
diagnostic information at different levels of detail to aid in the investigation of

the event.

31. The method of claim 20 wherein the number of principle
components is chosen such that coefficients of the principle component become

about equal in size.

32. The method of claim 4 wherein said Principle Components include

process variables provided by online measurements.

33. The model of claim 32 wherein some measurement pairs are time

synchronized to one of the variables using a dynamic filter.
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34. The model of claim 32 wherein the process measurement variables
affected by operating point changes in the process operations are converted to

deviation variables.

35. The method of claim 32 wherein the number of principle
components is selected by the magnitude of total process variation represented

by successive components.

36. A system for abnormal event detection (AED) for some of the

process units of a FCCU of a petroleum refinery comprised of:

(a) a set of models for the process units describing operations of the

process units,

(b) adisplay which indicates if the current operation differs from
expected normal operations so as to indicate the presence of an

abnormal condition in the process unit,

(c) adisplay which indicates the underlying cause of an abnormal

condition in the HDC process unit.

37. The system of claim 36 wherein said model for each process unit is

either a Principle Components model or an engineering model.

38. The system of claim 37 wherein a FCCU is partitioned into three

operational sections with a Principle Components model for each section.

39. The system of claim 38 wherein said Principle Components include

process variables provided by online measurements.

40. The system of claim 38 wherein said model further comprises
suppressing model calculates to eliminate operator induced notifications and

false positives.
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41. The system of claim 37 wherein: (a) dériving said model begins
with obtaining an initial model based upon questionable data, (b) use of said
initial model to refine the data and improve the model, and (c) iteratively

repeating step (b) to improve the model.

42. The system of claim 41 wherein said training data set includes

historical data of the processing unit for model development.

43. The system of claim 42 wherein said model includes transformed

variables.

44. The system of claim 43 wherein said transformed variables include
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.

45. The system of claim 42 wherein some measurement pairs are time

synchronized to one of the variables using a dynamic filter.

46. The system of claim 42 wherein the process measurement variables
affected by operating point changes in the process operations are converted to

deviation variables.

47. The system of claim 42 wherein the measurements of a variable are

scaled prior to model identification.

48. The system of claim 47 wherein the measurements are scaled by the

expected normal range of that variable.

49. The system of claim 42 wherein the number of principle components
is selected by the magnitude of total process variation represented by successive

comp onents.



