PROCESS MONITORING/DIAGNOSTIC/SUPPORT APPARATUS FIELD Embodiments described
herein relate generally to a process monitoring/diagnostic/support apparatus capable 5of supporting a
plant operator in an unsteady state under abnormal conditions or the like when monitoring a process
system for a sewage treatment process, an effluent treatment process, a sludge digestion process, a
water purification process, a water 10supply/distribution process, a chemical process, a steel process,
or the like. BACKGROUND In a plant of a process system for a water treatment/water management
process such as a sewage 15treatment process, a sludge digestion process, a water purification

process, or a wate suppl/Cisiipulian plecess, & petioRhemial iocess, Asteelprocess, a

semiconductor manufacturing process, or the like, a plurality of online sensors for measuring a plurality
200f process states are installed. A process monitoringzapparatus (SCADA: Supervisory Control And
Data Acquisition) converts process data (flow rate, temperature, water quality, manipulated variable,
and the like) obtained by méasuremsent ofla sensbregroup:25instalied irca Aormakpracess system into

time series data (trend graph). A plant ,manaé;_er or operator monitors the time series data $0 as to
grasp the process monltoring/dliagnostic/support apparatus capable

5 of supporting a plant operator in an unsteady state
under abnormal conditions or the like when monitoring a
process system for a sewage treatment process, an
effluent treatment process, a sludge diligestion process,
a water purification process, a water

10 supply/distribution process, a chemical process, a
steel process, or the like.

BACKGROUND
In a plant of a process system for a water

treatment/water management process such as a sewage

15 treatment process, a sludge digestion process, a water
purification process, or a water supply/distribution
process, a petrochemical process, a steel process, a
semiconductor manufacturing process, or the like, a
plurality of online sensors for measuring a plurality

20 of process states are installed. A process monitoring
apparatus (SCADA: Supervisory Control And Data
Acguisition) converts process data (flow rate,
temperature, water quality, manipulated variable, and
the like) obtained by measurement of a sensor group

25 installed in a normal process system into time seriles
data (trend graph). A plant manager or operator

monitors the time series data so as to grasp the



-2 process states and change or control the process operations. Upper and lower limits called control
limits or the like are normally set for the time series data of each piece of process data. An alarm is
raised 5if a value exceeds the upper limit or is lower than the lower limit. Based on the alarm, the plant
manager or operator confirms and revises the plant operation. Such operation management based on
alarms forms the basis of the plant operation. More advanced plant operation management needs
to not only cope with simple process unsteadiness but alsoan operation that can achieve
predetermined target performance of a process and also lead to energy saving and cost reduction.

The predetermined target 15conesponds fo, for example .gheying efflyent auality regulations ina
sewage treatment: [’ water purification treatment, the predetermined target Is, for example, keeping

the residual chlori@%ggg%qm;@ipn inpuifiedwater gguahtonordess-thanea 20predetermined upper limit
or the absence of pathogenic microorganisms represented by Cryptosporidium. In a chemical process
or a steel process  theipredeteriimed. tdrgetcorrespones to maintaining the quality (fered@inple, purity
or strength) of a product (oil refined 25article or steel) within a predetermined rangqe. At,thisc{ime, it is

important for the opekatightmanagement fo Montor e Srotase states cOnGEMing the targeat - 3 -
performance, quickly detect,a state change or, abparmal state;that mayJnhibitachigvementof the

predetermined target, and take countermeasures in advance, thereby preventing failures in achieving
the predeterminedi%farget: Additionaly de petformran aperatipnthat ganant manager or
operator confirms and revises the plant operation.
Such operation management based on alarms forms the
basis of the plant operation.

10 More advanced plant operation management needs LO
not only cope with simple process unsteadiness but also
an operation that can achieve predetermined target
performance of a process and also lead to energy saving
and cost reduction. The predetermined target

15 corresponds to, for example, obeying effluent guality
regulations in a sewage treatment. In a water
purification treatment, the predetermined target is,
for example, keeping the residual chlorine
concentration in purified water equal to or less than a

20 predetermined upper limit or the absence of pathogenic
microorganisms represented by Cryptosporidium. In a
chemical process or a steel process, the predetermined
target corresponds to maintaining the guality (for
example, purity or strength) of a product (oil refined

25 article or steel) within a predetermined range. AT
this time, 1t is important for the operation management

to menitor the process states concerning the target



lead to energy saving and cost reduction under restrictions for achieving the predetermined target, it is
necessary to always maintain excellent process states concerning energy saving and cost reduction
and 10quickly detect a process state change that may cause deviation from the excellent states.

As a method of diagnosing such a process state change or abnormality, there is known a method
called MSPC (Multi-Variate Statistical Process Control) using 15"multivariate statistical analysis" which
has been utilized in the field of a petrochemical proEesg or a steel plant. As the most commonly
used methods, PCA (Principal Component Analysis) and PLS (Projection to Latent 20Structure/Partial

Least Square) are 1o The main obigcis f he MSRC ave ta,1) defecta sian ot gonormalty of

a plant (Fault Deté)ctlon) and (2) estimate a process variable (data) as an abnormality factor (Fault
Isolation) using the 25multivariate statistipal-analysis suekasPCA or B1S. predear(dhasign of
abnormality that is undetectable using only one variable can be detected - 4 - using the correlation
information of a pluralityedf protéss kfiablesn t e riFep {2)F aftef &n abnofrmality i§ defstted using

abnormality detection data (called a O statistic or 5Hotelling's T2 statistic nthesized from a pluralit
Y preventgng tailures in achievigg é%e pre&é@%rﬁ%neéj P y

5 target. Additionally, to perform an operaticn that can
lead to energy saving and cost reduction under
restrictions for achieving the predetermined target, It
is necessary to always maintain excellent process
states concerning energy saving and cost reduction and

10 gquickly detect a process state change that may cause
deviation from the excellent states.
As a method of diagnosing such a process state
change or abnormality, there 1s known a method called
MSPC (Multi-Variate Statistical Process Contrel) using
15 "multivariate statistical analysis" which has been
utilized in the field of a petrochemical process or a
steel plant.
As the most commonly used methods, PCA (Principal
Component Analysis) and PLS (Projection to Latent
20 Structure/Partial Least Sguare)] are kKnown.
The main cobiects of the MSPC are to (1) detect a
sign of abnormality of a plant (Fault Detection) and
(2) estimate a process variable (data) as an
abnormality factor (Fault Isolation) using the
25 multivariate statistical analysis such as PCA or PLS.
For (1), a sign of abnormality that is

undetectable using only one variable can be detected



of process variables, a process variable (data) as an abnormality factor candidate is estimated using
information called a contribution amount representing the degree of contribution of each piece of
process 10data to the abnormality detection data. As described above, using MSPC makes it
possible to perform advanced monitoring and diagnosis that is more useful for the plant manager or
operator than conventional monitoring based on simple control limits 15for individual process variables
(sometimes called SPC (Statistical Process Controf) in €ontrast with MPSC for monitoring a production
line or the like). On the other hand, users such as a plant manager and operator have not only the
needs for (1) 20abnormality, sign detection and (LZI) 9bnorrpalit1¥ factor varliablejes%imatign described
above but also strfig potential 8&dS to countermieasiite stippsrt infofmation thal récommends a
countermeasure tlgjer ysers.should take.in an abnormal state of a process. Especially, 25inexperienced
plant operators strongly demand this information. Information simply indicating "there is a sign of
abnormality” or diagnostie inforrpation frepresentingriprocess variablessexkbiting abnommality are 00
and on" is insufficient. Demanded is support information in a form "there is a sign of abnormality, and
process variables ®p fie feelor lafe PrOBABIY VO SEndiLL'S YotLarePadvisédio fake ‘Cotiitermeasure

DO". here exjsts a%ﬁ;%? ggt;_aSp ngtvxéeceé%(tg)gt]r}% dissfolr1 support ingog;%gg% ?gﬂ the aboye-described

FDI (Fault Detection an ion) (1) an S because aﬁmug n pé:r?orm %iagnosis

mechanically to sQme 10gxtent (i -auiomatically witheut interyening:engineering)segatdless of the
target process using "a statistical method such as multivariate statistical analysis”, providing

countermeasure supportirformatida generatly requiressknowkedyérof thel target:grocess and 15related
engineering. information called a contribution amount representing
the degree of contribution of each piece of process

10 data to the abnormaiity detection data.

As described above, using MSPC makes it possible
to perform advanced monitoring and diagnosis that is
more useful for the plant manager or operator than
conventional monitoring based on simple control limits

15 for individual process variables (sometimes called SPC
(Statistical Process Control) in contrast with MPSC for
monitoring a production line or the like).

On the other hand, usgers such as a plant manager
and operator have not only the needs for (1)

20 abnormality sign detection and (2) abnormality factor
variable estimation described akove but also strong
potential needs for countermeasure support information
that recommends a countermeasure the users should take
in an abnormal state of a process. Especially,

25 inexperienced plant operators strongly demand this

information. Information simply indicating "there is a

sign of abnormality" or diagnostic information



Abnormality cause estimation methods for providing countermeasure support information are often
classified into [1] empirical methods (decision tree, pattern learning, and the like), [2] logical methods
(using a 20physical model, a fault tree, or the like), [3] knowledge engineering methods (expert system
and know-how extraction), and the like. To use these methods, however, knowledge about the target
process, knowledge of the operator who is operating thée target 25process, and the like are necessary
in some form. For this reason, to track down the true cause of the unsteady state (abnormal state) of a
process and do 6 - countermeasure support, an enormous amount of engineering is necessary to

build up a diagnostic system for eack target process. The necsssity, of development acagrging fo the
features of the target bprocess is one hurdle in dévelGping an Unsteady staté countermeasure support

system. Itis an, pbjectof thepresent:invention-to; pravide a pregessdaanitesing/diagnestic/support

apparatus capable of providing countermeasure support 10information in an abnormal state regardless

of a target process.n f o Anprocess monitofingrdidgnestic/suppartssipparatissotording id an aspect

comprises a data collection/storage means, process variable 15classification meanséj){é)cess variable
e

correlation defining e abRsrnialty Hetedtion ddi tefRing heaRs, Admitiiatiyy ction data
ContribUtiO:)n amougtn%ef.hrbmg. means gggora %lﬁtggguggerwgggu@ogmq}neasure e,

There exists a large gap between the needs for the
support information and the above-described FDI (Fault
Detection and Isclation) (1) and (2). This is because
although FDI can perform diagnosis mechanically to some

10 extent (i.e., automatically without intervening
engineering) regardless of the target process using "a
statistical method such as multivariate statistical
analysis"™, providing countermeasure support information
generally requires knowledge of the target process and

13 related engineering.

Abnormality cause estimation methods for providing
countermeasure support information are often classified
inte [1] empirical methods {decision tree, pattern
learning, and the like), [2] logical methods (using a

20 physical model, a fault tree, or the like), [3]
knowledge engineering methods (expert system and
know-how extraction), and the like. To use these
methods, however, knowledge about the target process,
knowledge of the operator who 1s operating the target

25 process, and the like are necessary in some form. For
this reason, to track down the true cause of the

unsteady state (abnormal state) of a process and do



information defining means, abnormality detection 20means, abnormality factor variable separation
means, and abnormality countermeasure support information providing means. The data
collection/storage means collects time series data of n (n2) process variables representing
25measurement results from n sensors for measuring a quantity of state or a manipulated variable of a
target process and stores the time series data. -7 - The process variable classification means
stores classification information representing a result ofclassifying the n process variables into p (1p <
n) output variables Y that are the quantities of states 5and represent performance indices, L (1L <n)

input variables U regresenting the mani%ulatedtvariables, and m (0 Irc&m < n)Oil_gtermediate variables Z
that are the quantitie8’of STAIES SR TeSragBRt Sontrol/monitdt VATUES 10T he process variable

correlation defining means.defines; from.the.classification information angithe fime series data of the n

process variables for'a predetermined period, correlation information representing correlation between
the n process 15varjahles including the classHication tesudt.  THheabnormality defection data
defining means defines an equation to generate q (1q << n)
development according to the features of the target
5 process 1s one hurdle in developing an unsteady state
countermeasure support system.

It is an object of the present invention to
provide a process monitoring/diagnostic/support
apparatus capable of previding countermeasure support

10 information in an abnormal state regardless of a target
process.

A process monitoring/diagnostic/support apparatus
according to an aspect comprises a data
collection/storage means, process variable

15 classification means, process variable correlation
defining means, abnormality detection data defining
means, abnormality detection data contribution amount
defining means, abnormality countermeasure support
information defining means, abnormality detection

20 means, abnormality factor variable separation means,
and abnormality countermeasure support information
providing means.

The data collection/storage means collects time
series data of n (n = 2) process variables representing

25 measurement results from n sensors for measuring a

quantity of state or a manipulated variable of a target

process and stores the time series data.



abnormality detection data less than n and a determination criterion to determine one of
20presence/absence and a strength of an abnormality based on the abnormality detection data from
the time series data of the n process variables for the predetermined period. The abnormality detection
data contribution amount 25defining means defines a contribution amount of each piece of the time
series data of the n process variables to the abnormality detection data. -8 The abnormality
countermeasure support information defining means defines a first rule to extract a predetermined
number of top-ranked abnormality factor candidate variables out of abnormality factor candidate
Svariables that are process variables as abnormality factor candidates in an abnormal state, a second

rule to classify the extractétfabistatality fattoridarididaté Valiabes fntothB Gitsutidriables 1, the

input variables U. and the intermediate, variables Z hased.on.10¢qreelation infarmatiory and  third rule
to prowde countermeasure suppor? information inc Udll’lg a message to support a countermeasure in

the abnormal state-based ey the, classifigation resiit. Fheiabnpsmalityrdetection means generates the
15abnormality detection data corresponding to the time
output variables Y that are the quantities of states
5 and represent performance indices, L (1 £ L < n) input
variables U representing the manipulated variables, and
m (0 < m < n) intermediate variables Z that are the
guantities of states and represent control/monitor
values.
10 The process variable correlation defining means
defines, from the classification information and the
time series data of the n process variables for a
predetermined period, correlation information
representing correlaticn between the n process
5 variables including the classification result.
The abnormality detection data defining means
defines an ecuation to generate g (1 £ g << n)
abnormality detection data less than n and a
determination criterion to determine one of
20 presence/absence and a strength of an abnormality based
on the abnormality detection data from the time series
data of the n process variables for the predetermined
period.
The abnormality detection data contribution amount
25 defining means defines a contribution amount of each
piece of the time series data of the n process

variables to the abnormality detecltion data.



series data at a predetermined time in accordance with the stored time series data of the n process
variables at the predetermined time and a definition of the abnormality detection data defining means
and diagnoses 20the presence/absence of an abnormality in the data at the predetermined time based
on the abnormality detection data. When an abnormality exists as a result of the diagnosis, the
abnormality factor variable separation 25means calculates the contribution amount of the time series
data at the predetermined time based on a definition offthe contribution amount and separates and 9 -
extracts the abnormality factor candidate variables from the time series data at the predetermined time
based on the calculated contribution amount and the first rule. 5The abnormality countermeasure

support information providiig MEARS Provides FrRICGHIER RcASUTe SUBPOR informafidA bh%Ed on the

separated and extracied abpormally fadter gandidate; wyiables: Jne goglafion nfprmation, the
second rule, and the th|rd1r e. IOBRIEF DESCRIPTION OF THE DRAWINGS FIG.Isis a

schematic view shewing the-hasie systeaparrangemept of.a pracessruenitaring/diagnostic/support
apparatus according to the first embodiment; 15FIG. 2 is a schematic view showing an example of a
candidate variables out of abnormality factor candidate
5 variables that are process variables as abnormality

factor candidates in an abnormal state, a second rule
to classify the extracted abnormality factor candidate
variables into the output variables Y, the input
variakbles U, and the intermediate variables Z based on

10 correlation information, and a third rule Lo provide
countermeasure support information including a message
to support a countermeasure in the abnormal state based
on the classification result.

The abnormality detection means generates the

15 abnormality detection data corresponding to the time
series data at a predetermined time in accordance with
the stored time series data of the n process variables
at the predetermined time and a definition of the
abnormality detection data defining means and diagnoses

20 the presence/absence of an abnormality in the data at
the predetermined time based on the abnormality
detection data.

When an abnormality exists as a result of the

diagnosis, the abnormality factor variable separation

25 means calculates the contribution amount of the time
series data at the predetermined time based on a

definition of the contribution amount and separates and



process variable classification user interface unit; FIG. 3 is a schematic view showing Example 1 of a

correlation determination rule; FIG. 4 is a schematic view showing Example 2 of 20the
correlation determination rule; FIG. 5 is a schematic view showing Example 3 of the correlation
determination rule; FIG. 6 is a schematic view showing an example of a process variable

correlation defining interface unit; 25FIG. 7 is a schematic view showing an abnormality factor
candidate classification rule; FIG. 8 is a schematic View’showing an example of - 10 - an abnormality
countermeasure support message generation rule; FIG. 9 is a schematic view showing an example
of the abnormality countermeasure sg%port nﬁssag%ggperatiogngjll%at FIG. 1gki)ngSschematic view

for explaining a fuidtion"f gendt&tifg an abhon

g O,‘E ) e Valfl iy .
m I|ty countermeasure support message in an

abrormal state; ¢, ., [IG. L1,s aschematic.view.showing an.example of 9acouptermeasure

support message; FIG. 12 is a schematic view showing an example of a system arrangement
according to anothes embadiment ca KHIG1i34slaschematictview showing anexanipte of a system
arrangement according to still another 15embodiment; and FIG. 14 is a schematic view showing an
example of a syster &ffangiéhfent according to yet another embodiment.

5 The abneormality countermeasure suppcrt information
providing means provides the countermeasure support
infermation based on the separated and extracted
abnormality factor candidate variables, the correlation
information, the second rule, and the third rule.

10 BRIEF DESCRIPTION OF THE DRAWINGS
FIG. 1 is a schematic view showing the bkasic
system arrangement of a process
meonitoring/diagnostic/support apparatus according to
the first embodiment;
15 FIG. 2 is a schematic view showing an example of a
process variable classification user interface unit;
#I1G. 3 is a schematic view showing Exampie 1 of a
correlation determination rule;
FIG. 4 is a schematic view showing Example 2 of
20 the correlation determination rule;
FIG. 5 1s a schematic view showing Example 3 of
the cerrelation determination rule;
FiG. 6 is a schematic view showing an example of a
process variable correlation defining interface unit;
25 FIG. 7 is a schematic view showing an abnormality
factor candidate classification rule;

PIG. 8 is a schematic view showing an example of



DETAILED DESCRIPTION 20In general, according to one embodiment, the embodiments will now be
described with reference to the accompanying drawings. Note that the process
monitoring/diagnostic/support apparatus to be described below can be implemented by either a
hardware 25arrangement or a combination of hardware resources and software. The combined
arrangement uses, as the software, a program that is installed from a network or a computer-readable
storage medium to a computer serving as the process h@onit”oring/diagnostic/support apparatus in
advance so as to implement the functions of the process monitoring/diagnostic/support apparatus.
5<First Embodiment> FIG. 1 is a schematic view showing the basic arrangement of a process
monitoring systemat8 VB }énbar]%%é:éfs r%%%ﬂ%ﬁﬁ&ﬁd?fg%o%tig 38885}_1 a%%%?gtg% according to the first
embodiment is appligd. 10The precgss. monitoring system includes a process
monitoring/diagnostic/support apparatus which has, as a target process, a sewage complete treatment
process designed for, for exampte, removing: aitrogen andephosphotusg; and inghmesa process
measurement data 15collection/storage unit 2 configured to collect the time series data of n (n2)
process variables féptesémtingheasirernentrestifts foftn SBREGHS fol' edsHfing the quantity of
state or mgnipulated I‘{%@%@‘f&ﬁ th%ﬁagget process and store the data. This 20embodiment is not
dependent on the 9aerget process because of its object but will be explained by exemplifying a sewage

treatment process to obtajny g digtinct image of implementation. that ds.implementation is not
substantially limited to the
function of generating an abnormality countermeasure
support message in an abnormal state;
FPIG. 11 is a schematic view showing an example of
10 a countermeasure support message;
FIG. 12 is a schematic view showing an example of
a system arrangement according to another embodiment;
FIG. 13 is a schematic view showing an example of
a system arrangement according to still another
15 embodiment; and
FIG. 14 is a schematic view showing an example of
a system arrangement according to yet another
embodiment.
DETAILED DESCRIPTION
20 In general, according to one embodiment, the
embodiments will now be described with reference to the
accompanying drawings. Note that the process
monitoring/diagnostic/support apparatus to be described
below can be implemented by either a hardware
25 arrangement or a combination of hardware rescurces and
software. The combined arrangement uses, as the

software, a program that is installed from a network or



25sewage treatment process. The sewage complete treatment process 1 includes a primary
sedimentation basin 101, an anaerobic tank 102, - 12 - an anoxic tank 103, an aerobic tank 104, and
a final settling basin 105. The sewage complete treatment process 1 also includes a primary
sedimentation basin excess sludge extraction pump and its extraction flow rate sensor 111, an oxygen
supply blower and its supply air flow rate sensor 112 for the aerobic tank 104, a circulating pump and
its circulating flow rate sensor 113, a return sludge pump and its return flow rate sensor 114, and a
final settling basin excess sludge 10extraction pump and its extraction flow rate sensor 115 as
actuators and manipulated variable sensars thereof. The sewage complete treatment process | also

includes, as proce&s SBREBSSA TaMTAIPSersot 1242 A% dWagEhRAon amoTiteensbr 122 for measuring
the 15amount of influept gewage, qn.influent IN sensor 123 farmeasyring the total ameunt of nitrogen

contained in the influent sewage, an intfluent TP sensor 124 for measuring the total amount of
phosphorus containeddr she:mfluentsewage, an influenbUVngenses ot influent 20€0OM sensor 125 for
measuring the amount of organic substances contained in the influent sewage, an anaerobic tank
ORP sensor 126 fefmeasuting ORP imntHe anacroBictank 102t af ariaershic tarmkprSensor 127 for
measuringSthe pH in the anaerobic tank 102, an anoxic 25 tank ORP sensor 128 for measuring ORP in
the anoxic’tank loégéﬁ%?w&ﬁqgfiﬁ%wgénsor 129 for measuring the pH in the anoxic tank 103, a

phosphoﬂcackjsensorjé&c_ 1 is a schematic view showing the basic

arrangement of a process monitoring system to which a
process monitoring/diagnostic/support apparatus
according to the first embodiment is applied.

i0 The process monitoring system includes a process
monitoring/diagnostic/support apparatus which has, as a
target process, a sewage complete treatment process 1
designed for, for example, removing nitrogen and
phosphorus, and includes a process measurement data

15 collection/storage unit 2 configured to collect the
time serles data of n (n = 2) progess variables
representing measurement results from n sensors for
measuring the gquantity of state or manipulated variable
of the target process and store the data. This

20 embodiment is not dependent con the target process
becausse of its object but will be explained by
exemplifying a sewage tTreatment process to obtain a
distinct image of implementation. That is,
implementation is not substantially limited to the

25 sewage treatment process.

The sewage complete treatment process 1 includes a

primary sedimentation basin 101, an anaercbic tank 10Z,



1210 for measuring the phosphoric acid concentration in the aerobic tank 104, a DO sensor 1211 for
measuring the dissolved oxygen concentration in the aerobic tank 104, an ammonia sensor 1212 for
measuring the ammonia 5concentration in the aerobic tank 104, an MLSS sensor 1213 for measuring
the activated sludge amount in at least one of the reaction tanks 102 to 104, a water temperature
sensor 1214 for measuring the water temperature in at least one of the reaction tanks 102 10to 104,
an excess sludge SS sensor 1215 for measuring the sofid concentration in sludge extracted from the
final settling basin 105, an effluent SS sensor 1216 for measuring the SS concentration in water
discharged from the final settling basin_105, a sludge interface 15sensor 1217 for measuring the
sludge interface levél Wt(ﬁéjfﬁa?g& inlgJO 4sif‘10 g”gos}aejw%g%aé%sgc%ar%gé aar‘rr]lc%r?t sg]ln%%SrHlZlS for

measuring the amount of;efflugnt-seyvags; an effluent-TN sensar, 1219 foripeasuring the total amount
of nitrogen contained in the effluent 20sewage, an effluent TP sensor 1220 for measuring the total

amount of phosphprus-eantained lin the effluent sewage i ard an effilientti\t of effluent COD sensor
1221 for measuring the amount of organic substances contained in the effluent sewage. 25The
above-described V&#ioBs kirfds 6l tGatbrs $11 96 185"8perate ﬁﬁﬁé@%ﬁ?&%%&' " The
manipulated variable sensors of the various Kinds of - 14 - actuators 111 1o 115 and tggﬁ/gaér)ous kinds

of process’sensors 1bT 61291 perform méagﬂirye(%ﬁé]ntg%f%a%é’deﬁéﬁﬁined periods. The process

monitoring/diagnosgtic/synprart Sapparatus;ingludes the pregesssneasurementdatas, a

cilirculating pump and its circulating flow rate sensor
113, a return sliudge pump and its return flow rate
sensor 114, and a final settling basin excess sludge

10 extracticn pump and its extraction flow rate sensor 115
as actuators and manipulated variable sensors thereof.

The sewage complete treatment process 1 also

includes, as process sensors, a rainfall sensor 121, a
sewage inflow amount sensor 122 for measuring the

15 amount of influent sewage, an influent TN sensor 123
for measuring the total amount of nitrogen contained in
the influent sewage, an influent TP senscr 124 for
measuring the total amount of phosphorus contained in
the influent sewage, an influent UV senscr or influent

20 COD sensor 125 for measuring the amcunt of organic
substances contained in the influent sewage, an
anaserobic tank ORP sensor 126 for measuring ORP in the
anaerobic tank 102, an anaerobic tank pH sensor 127 for
measuring the pH in the anaerobic tank 102, an anoxic

25 tank ORP sensor 128 for measuring ORP in the anoxic
tank 103, an anoxic tank pH sensor 129 for measuring

the pH in the anoxic tank 103, a phosphoric acid sensor



collection/storage unit 2 configured to collect the time series data (process data) of process variables
obtained from the manipulated variable sensors of the various kinds of actuators 111 to 115 and the
various 10kinds of process sensors 121 to 1221 at the predetermined periods and hold them in a
memory. The process monitoring/diagnostic/support apparatus also includes a process variable
registration unit 3, a process variable classification user 15interface unit 4, an abnormality diagnostic
model construction unit 5, a process variable corretation’defining interface unit 6, an abnormality
monitoring/diagnostic/countermeasure support unit 7, an abnormality countermeasure record holding
unit 8, and a 20user interface unit 9. The %%gcess variable registration unit 3 registers the names of

process variables héd&ssHry fdEconstrutting e ProtERs MorfitoringRiZgRSEitisippoR apparatus of
this embodiment ouf of the process 2pyarjables measured by the manipulated.variaple, sensors of the

various kinds of actuators 111 to 115 and the various kinds of process sensors 121 to 1221. -15-

The process variablg<lassification user interface upit 4ris aruser interface ta dedised toadisplay a list of
process variables registered by the process variable registration unit 3 and classify them into input
Svariables U, outpdif¥ariables¥nand intefmediate vardables Zniore spedifichlty, aheprdcess variable
classification user interface unit 4 displays the names of n procesrsogariaap!eﬁmqr;d select(;s,rinput

variables, dutput vaRE6RE aRd irftermédiate vatasies in 497~ o5 Sens

1213 for measuring the activated sludge amount in at
least one of the reaction tanks 102 to 104, a water
temperature sensor 1214 for measuring the water
temperature in at least one of the reacticn tanks 102

1.0 to 104, an excess sludge SS sensor 1215 for measuring
the solid concentration in sludge extracted from the
final settling basin 105, an effluent SS sensor 1216
for measuring the S$S concentration in water discharged
from the final settling basin 105, a sludge interface

15 sensor 1217 for measuring the sludge interface level in
the final settling basin 105, a sewage discharge amount
senscor 1218 for measuring the amount of effluent
sewage, an effluent TN sensor 1219 for measuring the
total amount of nitrogen contained in the effluent

20 sewage, an effluent TP senscor 1220 for measuring the
total amount of phosphorus contained in the effluent
sewage, and an effluent UV or effluent COD sensor 1221
for measuring the amount of crganic substances
contained in the effluent sewage.

25 The above-described various kinds of actuators 111
to 115 operate at predetermined periods. The

manipulated variable sensors of the various kinds of



10process variable classification unit 51 in accordance with a user operation during the display.

The abnormality diagnostic model construction unit 5 extracts, from the process measurement data
collection/storage unit 2, past time series data of the 15process variables registered by the process
variable registration unit 3 out of the process variables measured by the manipulated variable sensors
of the various kinds of actuators 111 to 115 and the various kinds of process sensors 121 to 1221, and
constructs an 20abnormality diagnostic model.  ~The' process variable correlation defining interface
unit 6 is a user interface that presents the correlation information between the process variables
defined by the abnormality diagnostic model 25construction unit 5 to the user and allows him/her to

correct the informatfon- Th&’abnormality : 16 -Fhonitdng/daghosticicdurtermedditestipport unit 7
extracts, from the pracess Mneasuremens gﬁt?%ql_@gyﬁnQéor@gg é&ﬁ‘&_@c gurrent time series data of the

process variables registered by the process 5Svariable registration unit 3 out of the process variables
measured by the masiputated vadablesensats. of the various kinds of actuators 111 to 115 and the
various kinds of process sensors 121 to 1221, and detects an abnormality sign, extracts factor variable
10candidates and providgs:abagrmality coamenrneasgred Lagnostic/support

5 apparatus includes the process measurement data
collection/storage unit 2 configured to collect the
time series data (process data) of process variables
obtained from the manipulated variable sensors cf the
various kinds of actuators 111 to 115 and the wvarious

10 kinds of process sensors 121 to 1221 at the
predetermined periods and hold them in a memory.

The process monitoring/diagnostic/support
apparatus also includeé a process variable registration
unit 3, a process variable classification user

15 interface unit 4, an abnormality diagnostic mcedel
construction unit 5, a process variable correlation
defining interface unit 6, an abnormallty
monitoring/diagnostic/countermeasure support unit 7, an
abnormality countermeasure record holding unit 8, and a

20 user interface unit 9,

The process variable regilstration unit 3 registers
the names of process variables necessary for
constructing the process monitoring/diagnostic/support
apparatus of this embodiment out of the process

25 variables measured by the manipulated variable sensors
of the various kinds of actuators 111 to 115 and the

various kinds of process sensors 121 to 1221.



support information using the functions defined by the abnormality diagnostic model construction unit
5. The abnormality countermeasure record holding unit 8 holds the result of a countermeasure
actually taken 15based on information from the abnormality monitoring/diagnostic/countermeasure
support unit 7. More specifically, the abnormality countermeasure record holding unit 8 records an
operation performed by the user after countermeasure support information 20provided by an
abnormality countermeasure support information providing tmit 74 has been presented. When
countermeasure support information is provided, the abnormality countermeasure record holding unit 8
presents the countermeasure support information and the 25values of the input variables U, the values

1

of the output variables Y, Bl theQrahies dfthe IMeFmediic varisbies ¥ béfore the Cirrentiime based
on the time - 17 - sedes data.and clasgifiction, infarmation, After he counferpeasure sypport

information has been presented, the abnormality countermeasure record holding unit 8 continuously

records the operation records:ef the:inputi 2 vaniakles thas the;openatiop perfosmedayitheluser, the
values of the output variables Y, and the values of the intermediate variables Z.  The user interface
unit 9 includes the pracessrvariable vegistraticndnit 8agel processRanaple 1nput

5 variables U, output variables Y, and intermediate
variables 7. More specifically, the process variable
classification user interface unit 4 displays the names
of n process variables, and selects input variables,
cutput variables, and intermediate variables in a

10 process variable classification unit 51 in accordance
with a user operaticn during the display.

The abnormality diagnostic model construction unit
5 extracts, from the process measurement data
collection/storage unit 2, past time series data of the

15 process variables registered by the process variable
registration unit 3 out of the process variables
measured by the manipulated variable sensors of the
various kinds of actuators 111 teo 115 and the various
kinds of process sensors 121 to 1221, and constructs an

20 abnormality diagnoestic model.

The process variable correlation defining
interface unit 6 is a user interface that presents the
correlation information between the process variables
defined by the abnormality diagnostic moedel

25 construction unit 5 to the user and allows him/her to
correct the information.

The abnormality



10classification user interface unit 4, and the process variable correlation defining interface unit 6, and
can notify the plant manager or operator of information from the abnormality
monitoring/diagnostic/countermeasure support unit 7, 15send a countermeasure instruction based on
the countermeasure support information to the plant as a command signal, and send a recording
operation instruction to the abnormality countermeasure record holding unit 8. 20The abnormality
diagnostic model construction unit 5 comprises the process Vvariable classification unit 51, a past
(offline) data extraction unit 52, a process variable correlation defining unit 53, an abnormality
detection data defining, unit 54, z?n abnormality 25detection data contribution amount d7ef|n|ng unit 55,

and an abnormallt?%%hfé?ﬁfé%sﬁr@gﬁ‘ﬁﬁgrf tSTRTALioT BEfiming Tinit 5618 U™ “Ad shown in FIG.
2, the process varigble classification unit 51 classifies the_process.variables into input variables, output

variables, and intermediate variables in accordance with input to the process variable classification
user interface unit4; andsupplies the-injermation at,the dime: of abriormality: ceunteameasure. More
specifically, the process variable classification unit 51 has a function of storing classification
information represehiting aCOresulY 6F élaksiBing fHe' i ‘b?é(%és%rf%‘b?e§>|ﬁﬂ?ﬁf(fp < n) output

vatiables Y that are quanfifes of stales and represeqt performance ngicgs, b (L < )

variables measured by the manipulated variable sensors
of the various kinds of actustors 111 te 115 and the
various kinds of process sensors 121 to 1221, and
detects an abnormality sign, extracts factor variable
10 candidates and provides abnormality countermeasure
support information using the functions defined by the
abnormality diagnostic model construction unit 5.
The abnormality countermeasure record holding unit
8 holds the result of a countermeasure actually taken
15 based on information from the abnormality
monitoring/diagnostic/countermeasure support unit 7.
More specifically, the abnormality countermeasure
record holding unit 8 records an operation performed by
the user after countermeasure suppoert information
20 provided by an abnormality countermeasure support
information providing unit 74 has been presented. When
countermeasure support information is provided, the
abnormality countermeasure record holding unit 8
presents the countermeasure support information and the
25 values of the input variables U, the values of the
output variables Y, and the values of the intermediate

variables 7 before the current time based on ths time



input variables U representing manipulated variables, and m (Om < n) intermediate variables Z that are
15quantities of states and represent control/monitor values. The past (offline) data extraction unit
52 extracts, from the process measurement data collection/storage unit 2, the past offline data of the
20variables registered by the process variable registration unit 3. The process variable correlation
defining unit 53 defines the correlation information between the process variables defied by the
process variable registration 25unit 3 using the offline ddta extracted by the past (offline) data
extraction unit 52. More specifically, the process variable correlation defining unit 53 - 19 - defines,
from the classification information and the time series data of the n process variables for a

predetermined perfGd; cofrefitioh infoniatidhieprésenting the' EorBRtion betweé tHe h Process
Svariables including the. classification result represented hy. the classifigation information,;as shown in
FIGS. 3, 4, 5, and .W?J%aet ma??ﬁélﬁ?ocse%%va‘riab e correlation Iaeﬁning unit 5§may define the
correlation information hased.omthe-correlation Mattsure record holding unit 8
continucusly records the operation records of the input

variables U as the operation performed by the user, the

N

values of the output variables Y, and the values of the
intermediate variables Z.

The user interface unit 9 includes the process
variable registration unit 3, the process variable

i0 clasgification user interface unit 4, and the process
variable correlation defining interface unit 6, and can
notify the plant manager or operator cf information
from the abnormality
monitoring/diagnostic/countermeasure support unit 7,

15 send a countermeasure instruction based on the
countermeasure support information to the plant as a
command signal, and send a recording operation
instruction to the abnormality countermeasure record
holding unit 8.

20 The abnormality diagnostic model construction unit
5 comprises the process variable classification unit
51, a past (offline) data extraction unit 52, a process
variable correlation defining unit 53, an abnormality
detecticn data defining unit 54, an abnormality

25 detection data contribution amount defining unit 55,
and an abnormality countermeasure support information

defining unit 56.



10or principal component loading matrix of the time series data of the n process variables for a
predetermined period. The process variable correlation defining unit 53 may have, as correlation
information, a table in n rows x n columns representing the 15presence/absence or strength of the
correlation between the n process variables. In this case, the process variable correlation defining
interface unit 6 displays the table of the correlation information and corrects the contents of the table in
accordance with a user 20operation. The abnormality detection data defining unit 54 defines
abnormality detection data synthesis method using the offline data extracted by the past (offline) data
extraction unit 52. More specifically, the 25abnormality detection data defining unit 54 defines an

equation to generate q (Fef<< by Blecks of dbnofmalitydetéction " dataiéss than nand a - 20 -
determination criterion.to.determing, the presence/ahsence.qr stigngth, of, an abnormality hased on the

abnormality detection data from the time series data of the n process variables for a predetermined
5period. The abnesmality. detectiondatadefimingunit 54 may define thelequation to generate
abnormality detection data using at least one of PCA (Principal Component Analysis), PLS (Projection
to Latent 10StructirefParntizd Laast Squdrel PERI(Prineipal Contporieht Rekession? CVEE (Canonical

Variate Analysis), Mahalanobis distance, robust PCA, kernel PCA, discriminant analysis, fuzzy
C-means clustering! Ksmeand 2ustetirit ,%?ﬁ%bﬁ%hj\fe%télrsﬁﬁcﬁfﬁteiﬁg\?ﬁle WS

and supplies the information at the time of abnormality
countermeasure. More specifically, the process
variable classification unit 51 has a function of
storing classification information representing a

10 result of classifying the n process variables into p
(1 € p < n) output variables Y that are quantities of
states and represent performance indices, L (1 £ L < nj
input variables U representing manipulated variables,

and m (0 £ m < n) intermediate variables 7 that are

[t
[

quantities of states and represent control/monitor
values.

The past (offline) data extraction unit 52
extracts, from the process measurcment data
collection/storage unit 2, the past offline data of the
20 variables registered by the process variable

registration unit 3.

The process variable correlation defining unit 53
defines the correlation information between the process
variables defied by the process variable registration

25 unit 3 using the offline data extracted by the past
(offline) data extraction unit 52. More specifically,

the process variable correlation defining unit 53



15(Relevance Vector Machine), and the subspace method. The abnormality detection data
contribution amount defining unit 55 defines the contribution amounts of the process variables (the
contribution amount of each piece of the time series data of the n process 20variables) registered by
the process variable registration unit 3 to the abnormality detection data defined by the abnormality
detection data defining unit 54. Note that the abnormality detection data contribution amount defining
unit 55 may define the 25contribution amount of a process variable k (k = 1, n) of interest out of the n

process variables by one of - 21 - [a] projecting from the abnormality detection data defined by
the abnormality detection data definin%unit 54 to a space spanned by the process variable k, [b]
decomposing the A6ridrivality G&BtGH dat t° Bia sGATIH: coMponBats $5'ad 16 défiffe the

contribution amourg_t as.a kg}

13 ﬁ%@%ﬁ?g affected only,by, the.pragess yariabled, and —— [c] using

independent component analysis. The abnormality countermeasure support information 10defining

unit 56 defines rules-toipravide: suppastinfermatiomtedieusec toi advisea:cowntermeasure in an
abnormal state, based on the classification information of the input variables, the output variables, and
the intermediate varables fiomi the process varableion between the n process

5 variables including the classification result
represented by the classificaticn information, as shown
in FIGS. 3, 4, 5, and 6. Note that the process
variable correlation defining unit 53 may define the
correlation information based on the correlation matrix

10 or principal component lcading matrix of the time
series data of the n process variables for a
predeterminaed period. The process variable correlation
defining unit 53 may have, as correlation information,
a table in n rows x n columns representing the

15 presence/absence or strength of the correlation between
the n process variables. In this case, the process
variable correlation defining interface unit ¢ displays
the table of the correlation information and corrects
the contents of the table in accordance with a user

20 operation.

The abnormality detection data defining unit 54
defines abnormality detection data synthesis method
using the offline data extracted by the past (offline)
data extraction unit 52. More specifically, the

25 abnormality detection data defining unit 54 defines an
equation to generate g (1 £ g << n} pleces of

abnormality detection data less than n and a



15classification unit 51, the correlation information between the process variables defined by the
process variable correlation defining unit 53, and the information about the contribution amounts
defined by the abnormality detection data contribution amount 20defining unit 55. More specifically,
the abnormality countermeasure support information defining unit 56 defines a first rule to extract a
predetermined number of top-ranked abnormality factor candidate variables out of the 25abnormality
factor candidate variables that are process variables asthe abnormality factor candidates in an
abnormal state, a second rule to classify the extracted - 22 - abnormality factor candidate variables
into the output variables Y, the input variables U, and the intermediate variables Z based on correlation

information, as shEWhSAEIG7,-8Rd & 4Hird Fdi8o Bpro¥idE BBuRfermeasure support information
including a messaﬁgééggg%%%@s%%%er&e@ggI{%@Q abpormal sfate-based on,the classification

result, as shown i 9. The second rule may include a rule to classify the 10extracted
abnormality factorcandidate varables intedeputifastonyvasiables:-U belonging tosthednaput variables U,
output factor variables FY belonging to the output variables Y, and intermediate factor variables FZ
belonging to the interredidtetveriables 2 ASbased ohrélassifidationdnforfatibrrmined

5 period.

The abnormality detection data defining unit 54
may define the equation to generate abneormality
detection data using at least one of PCA (Principal
Component Analysis), PLS (Projection te Latent

10 Structure/Partial Least Square), PCR (Principal
Component Regression), CVA (Canonical Variate
Analysis), Mahalanobis distance, robust PCA, kernel
PCA, discriminant analysis, fuzzy C-means clustering,
K-means clustering, SVM (Support Vector Machine}, RVM

15 (Relevance Vector Machine), and the subspace method.

The abnormality detection data contribution amount
defining unit 55 defines the contribution amounts of
the process variables (the contribution amount of each
piece of the time seriles data of the n process

20 variables) registered by the process variable
registration unit 3 to the abnormality detection data
defined by the abnormality detection data defining unit
54, Note that the abnormality detection data
contribution amount defining unit 55 may define the

25 contribution amount of a process variable k (k = 1,

2,..., n) of interest out of the n process variables by



The third rule may include a fourth rule A, a fifth rule B, and a sixth rule C. The fourth rule A stipulates
to, when the abnormality factor candidate variables include the 20output factor variable FY, notify that
the output factor variable FY has deteriorated and provide countermeasure support information
including a message for prompting to confirm and revise the value of the input variable U defined by
the correlation information 25to be correlated with the output factor variable FY. The fourth rule A
preferably stipulates to, when the input variables U-inckide the input factor variable - 23 - FU, provide
countermeasure support information including a message for prompting to particularly revise the input
factor variable FU. The fourth rule A more preferably stipulates to, 5when the intermediate variable Z

(a plurality of intermediatd Yari@breqr geheral &indttoy e Cttelation IGHTAtdH 1o 6e Borrelated
with the outpu factor variable Y. is managed, apd the jntenmediale variable Zangludes the .
intermediate 10factor varnable £Z. provu?e gounterméastre support information including a message
for prompting to returnihe coplygl-walyg of theintgrmediate fastos vatiable-kZ $0 r,normal value.
[b] decomposing the abnormality detection data to
5 a sum of n components so as to define the contribution
amount as a kth component affected only by the process
variable k, and
fc] using independent component analysis.
The abnormality countermeasure support information
10 defining unit 56 defines rules to provide support
information to be used to advise & countermeasure in an
abnormal state, based on the classification information
of the input variables, the output variables, and the
intermediate variables from the process variable
15 classification unit 51, the correlation information
between the process variables defined by the process
variable correlation defining unit 53, and the
information about the contribution amounts defined by
the abnormality detection data contribution amount
20 defining unit 55.
More specifically, the abnormality countermeasurse
support information defining unit 56 defines a first
rule to extract a predetermined number of top-ranked
abnermality factor candidate variables out cf the
25 abnormality factor candidate varliables that are process
variakbles as the abnormality factor candidates in an

abnormal state, a second rule to classify the extracted



The fifth rule B stipulates to, when the 15abnormality factor candidate variables include not the output
factor variable FY but the input factor variable FU, notify that the input factor variable FU deviates from
the normal state to an abnormal state and provide countermeasure support information including a
message 20for prompting to revise the manipulated variable represented by the input factor variable
FU and notifying that the output variable Y defined by the correlation information to be correlated with
the input factor variable FU may deteriorate in the futuig. 25tn addition to this stipulation, the fifth rule
B more preferably stipulates to provide countermeasure support information including a message for
notifying - 24 - that the intermediate variable Z defined by the correlation information to be correlated

with the input facteraneiabte: FUYmag detericrate inthé futliie 28 WEIF aht Wheén the'intétitediate

variables Z includ% tahreiS'n erm iatghfgct% vgriaglng%k;tﬂ% Sdeg]erioafatcgor% ay have occurred due to
the input factor variable FU. he sixth rule E: stlpujfates to, when the a normality factor candidate

variables include only the-intermediate fagtor variables £2i pravide 10countesmeasure support
information including a message for notifying that the intermediate factor variables FZ have

deteriorated, and the foutputhvariabless Y defimed by théorrélatiorcinforaiation tabeccdreelated with the

intermediate factor variables FZ may deteriorate in 15the future, , , :
5 provide countérmeasure support information including a

message to supporlt a countermeasure in an abnormal
state based on the classification result, as shown in
FIGS. 8 and 9.
The second rule may include a rule to classify the
106 extracted abnormality factor candidate variables into
input factor variables FU belonging to the input
variables U, output factor variables FY belonging to
the output variables Y, and intermediate factor
variables F7Z belonging to the intermediate variables 2
15 based on classification information.
The third rule may include a fourth rule A, a
fifth rule B, and a sixth rule C.
The fourth rule A stipulates to, when the
abnormality factor candidate variables include the
20 output factor variable FY, notify that the output
factor variable FY has deteriorated and provide
countermeasure support information including a message
for prompting to confirm and revise the value of the
input variable U defined by the correlation information
25 to be correlated with the output factor variable FY.
The fourth rule A preferably stipulates to, when

the input variables U include the input factor variable



In addition to this stipulation, the sixth rule C more preferably stipulates to include a message for
prompting to confirm the values of the input variables U defined by the correlation information to be
20correlated with the intermediate factor variables FI and examine the necessity of operation changes.
The abnormality monitoring/diagnostic/countermeasure support unit 7 comprises a current (online)
data extraction unit 71, 25an abnormality detection unit 72, an abnormality factor variable separation
unit 73, and the abnormality countermeasure support itformation providing unit 74. - 25 - The current
(online) data extraction unit 71 extracts the current online data of the variables registered by the
process variable registration unit 3 from various kinds of time series data stored in the 5process

measurement datd Eoll &GN SIBragREnie 57e e St abeTiity 4B{eehBA uhit 72 checks the current

degree of abnormality by inputting the online data extracted by the current (opline) data extraction unit
71 to the equationlor%é %%%r%%lit?/ g‘eﬁgét?ognedft%rlé e %%dbyé;hé ab%orrhality detegtion data defining

unit 54 and thus generating-abnormality deteetion data; and£letects the presence/absence of an
abnormality in accordance with a preset abnormality/normality determination criterion. More

specifically, the 15abnorrfiality Tetectiontynit7 2 genertes abaoahality delatibndata edrresponding to
time series data at a predetermined time in accordance with the stor%d tirrle:,L g?[ri%sfdata of the n

process variables AP e pradeterhfing dift and the detiritidh oftHe™ <2

intermediate variables in general) defined by the
correlation information to be correlated with the
output factor variable FY is managed, and the
intermediate variable Z includes the intermedlate

10 factor variable FZ, provide countermeasure support
information including a message for prompting to return
the control value of the intermediate factor variable
F7 to a normal valus.

The fifth rule B stipulates to, when the

15 abnormality factor candidate variables include not the
output factor variable FY but the input factor variable
FU, notify that the input factor variable FU deviates
from the normal state to an abnormal state and provide
countermeasure support information including & message

20 for prompting to revise the manipulated variable
represented by the input factor variable FU and
notifying that the output variable Y defined by the
correlation informaticen to be correlated with the input
factor variable FU may deteriorate in the future.

25 In addition to this stipulation, the f£ifth rule B
more preferably stipulates to provide countermeasure

support information including a message for notifying



20abnormality detection data defining means, and detects (diagnoses) the presence/absence of an
abnormality in the data at the predetermined time based on the abnormality detection data. When the
abnormality detection unit 72 has 25detected an abnormality, the abnormality factor variable
separation unit 73 calculates the degrees of contribution of the process variables to the - 26 -
abnormality, which are defined by the abnormality detection data contribution amount defining unit 55.
More specifically, if an abnormality exists as the result‘of detection (diagnosis) by the abnormality
5detection unit 72, the abnormality factor variable separation unit 73 calculates the contribution
amount of the time series %ata,at,the%%q%tgrmined\tirg?[eb _e%o Athgcg finitierof the contribution

amount, and sepaFa 8s and‘extracts. normaEiitf/r factér candidate 10varia Féstfrom the time series

data at the predetermined time,hased-on-the calculated contibution amount andithe firstrute of the
abnormality countermeasure support information defining unit 56. The abnormality countermeasure

support informationdkSproviding iwiitl 24 providgs ceurtermeasure isuppott ifformatioa $n an abnormal
state to the operator via _ ,
well, and when the intermediate variables Z include the
5 intermediate factor variable FZ, the deterioration may
have occurred due to the input factor variable PU.

The sixth rule C stipulates to, when the
abnormality factor candidate variables include only the
intermediate factor variables FZ, provide

10 countermeasure support information including a message
for notifying that the intermediate factor variables FZ
have deteriorated, and the output variables Y defined
by the correlation information to be correlated with
the intermediate factor variables FZ may deteriorate in

15. the future.

In addition te this stipulation, the sixth rule C
more preferably stipulates to include a message for
prompting to confirm the values of the input variables
U defined by the correlation information to be

20 correlated with the intermediate factor variables FZ
and examine the necessity of operation changes.

The abnormality
monitoring/diagnostic/countermeasure support unit 7
comprises a current (online) data extraction unit 71,

25 an abnormality detection unit 72, an abnormality factor
variable separation unit 73, and the abnormality

countermeasure support information providing unit 74.



the user interface unit 9 in accordance with the information of the process variables as the
predetermined number of top-ranked abnormality factor 20candidates extracted by the abnormality
factor variable separation unit 73, the correlation information, and the second and third rules defined
by the abnormality countermeasure support information defining unit 56, as shown in FIGS. 10 and 11.
25The function of the process monitoring system having the above-described arrangement will be
explained next. - 27 - In the sewage complete{reatment-process 1, the manipulated variable
sensors of the various kinds of actuators 111 to 115 and the various kinds of process sensors 121 to
1221 measure process information at 5predetermined periods. These pieces of measurement
information are stored in tHesprosess nieasurément datatcollesticrystorage unit 2 as-time series data in
accordance with a predetermined format. When constructing the process

10monitoring/diagfidsticisiphort Appatafiis’ the Process Vahable registratioh wHit S first defines
variables to be used (o consirugt fie process monitoring/diagnastic/sipport.apparaus qut of the items

measured by the manipulated variable sensors of 15the various kinds of actuators 111 to 115 and the
various kinds of preeess sensoss 42t ted22drand stored inithe procasssmeasurementdata
collection/storage unit 2. For example, the process variable registration
5 process measurement data collection/storage unit 2.
The abnormality detection unit 72 checks the
current degree of abnormality by inputting the online
data extracted by the current (online) data extraction
unit 71 to the eguation of abnormality detection data
10 defined by the abnormality detection data defining unit
54 and thus generating abnormality detection data, and
detects the presence/absence of an abnormality in
accordance with a preset abnormality/normality
determination criterion. More specifically, the
i5 abnormality detection unit 72 generates abnormality
detection data corresponding to time series data at a
predetermined time in accordance with the stored time
series data of the n process variables at the
predetermined time and the definition of the
20 abnormality detection data defining means, and detects
(diagnoses) the presence/absence of an abnormality in
the data at the predetermined time based on the
abnormality detection data.
When the abnormality detection unit 72 has
25 detected an abnormality, the abnormality factor

variable separation unit 73 calculates the degrees of

contribution of the process variablies to the



20unit 3 registers, as variables to be used, "[1] air supply amount” corresponding to the oxygen supply
blower and its supply air flow rate sensor 112 for the aerobic tank 104, "[2] circulating flow rate"
corresponding to the circulating pump and its 25circulating flow rate sensor 113, "[3] return flow rate"
corresponding to the return sludge pump and its return flow rate sensor 114, "[4] excess flow rate" -
28 - corresponding to the final settling basin excess sludge extraction pump and its extraction flow rate
sensor 115, "[5] rainfall" corresponding to the rainfall sehsor-121, "[6] sewage inflow amount”
corresponding to 5the sewage inflow amount sensor 122 for measuring the amount of influent sewage,
11[7] influent TN" corresponding to the influent TN sensor 123 for measuring the total amount of

nitrogen contained T thEAfIdent setale) “Bf ifleht 789 cBifeSpondiRg 15 HHe 16ihfluent TP sensor
124 for meastring . totel amount of phoshharys soptalpe I the Jaiyan; seyjage 2g) influert U

corresponding to the in uent UV sensor or influent COD sensor 125 for measuring the amount of

organic substanceg-cantaiped iy thesinfluent sewage,-1h; [10] anagrabic tank @RPeorresponding to
the anaerobic tank ORP sensor 126 for measuring ORP in the anaerobic tank 102, "[11] anaerobic

tank pH" correspondinglto thé anaerobic tank(pH senser $27 for rieasuringthieapH iy the anaerobic

tank 102, "[12] 20anoxic tank ORP" corresponding to the anoxic tank ORP X
5 detection unit 72, the abnormality factor variable

separation unit 73 calculates the ceontribution amount
of the time series data at the predetermined time based
on the definition of the contribution amount, and
separates and extracts abnormality factor candidate

10 variables from the time series data at the
predeterminaed time based on the calculated contribution
amount ang the first rule of the abnormality
countermeasure support information defining unit Seo.

The abnormality countermeasure support information

15 providing unit 74 provides countermeasure support
information in an abnormal state to the operator via
the user interface unit 9 in accordance with the
information of the process variables as the
predetermined number of top-ranked abnormality factox

20 candidates extracted by the abnormality factor variable
separation unit 73, the correlaticn information, and
the second and third rules defined by the abnormality
countermeasure support information defining unit 56, as
shown in FIGS. 10 and 11.

25 The function of the process monitoring system
having the above-described arrangement will be

explained next.



sensor 128 for measuring ORP in the anoxic tank 103, "[13] anoxic tank pH" corresponding to the
anoxic tank pH sensor 129 for measuring the pH in the anoxic tank 103, "[14] aerobic PO4-9"
corresponding to the 25phosphoric acid sensor 1210 for measuring the phosphoric acid concentration
in the aerobic tank 104, 11[15] aerobic tank DO" corresponding to the DO sensor - 29 - 1211 for
measuring the dissolved oxygen concentration in the aerobic tank 104, 11[16] aerobic tank NH4-N"
corresponding to the ammonia sensor 1212 for measutihg the ammonia concentration in the aerobic
tank 104, 5"[17] aerobic tank MLSS" corresponding to the MLSS sensor 1213 for measuring the
activated sludge amount in at least one of the reaction tanks 102 to 104, 11[18] reaction tank water
temperature” correspondiiy o the WWAtBF ferfipBratdressensdr 1224 forhaasding the-Water
10temperature in at least one g&thg reac%qtrg% tanks 102 to ]fO4ChE194 effl.uené T}M'ncggreégonding to the

: =
effluent TN sensor 1219 for measur?nrglt% otal amount of nitrogen contained in the effluent sewage,

and 11[20] effluent, TP correspending fo the; effluent TP sensor 151220 for meaguring the total amount
of phosphorus contained in the effluent sewage. A registration screen is preferably constructed as a

GUI on the monitos screerssd that the U8ér care easityeexecute the fagistiation] 20Thé function of
registering process variables is the function of the ;r)rocess variable registration unit 3. Next, the

process variable chisitrbfion Ussintarfacs tnit 4'digsayS ATSE ot the regtered 25process

vanaMesasshowgg}gg%agfgéig}gogggged in the process measurement data

collection/storage unit 2 as time series data in
accordance with a predetermined format.
When constructing the process

10 menitoring/diagnostic/support apparatus, The process
variable registration unit 3 first defines variables to
be used to construct the process
monitoring/diagnostic/support apparatus out of the
items measured by the manipulated variable sensors of

15 the various kinds of actuateors 111 to 115 and the
various kinds of process sensors 121 to 1221 and stored
in the process measurement data collection/storage unit
2.

For example, the process variable registration

20 unit 3 registers, as variables to be used, "[1] air
supply amount™ corresponding to the oxygen supply
blower and its supply air flow rate sensor 112 for the
aercobic tank 104, "[2] circulating flow rate"
corresponding to the circulating pump and its

25 circulating flow rate sensor 113, "[3] return flow
rate" corresponding to the return sludge pump and its

return flow rate sensor 114, "[4] excess flow rate”



monitor screen, and allows to select the input variables, the output variables, and the intermediate -
30 - variables. In FIG. 2, the columns of the input variables, the output variables, and the intermediate
variables are marked with 0. When constructing the actual monitor screen (GUI), the user marks
checkboxes. 5When all variables are set to intermediate variables in the default state, and the user is
caused to select only the input variables and output variables from them, labor for marking the
checkboxes can be saved, and the efficiency can be incgeased. The GUI is an 10example of a process
variable classification user interface corresponding to claim 2 and an example of the function of the
process variable classification user interface unit 4. The process variable classification unit 51
15classifies the processvariables tedistetréd:by thie: proceiss Variablearegistration hits3 iile three
types, that is, an input variable representing the m%r%ileulated, variable of a process, an output variable

representing the peffofmance ThdaX Bt £prockss, &than fitdffediatd’26varfabie toftesponding to the
control value of a prpeess, ok the like, in.gccordance. with the criteriong checked, by the process variable

classification user interface unit 4. For the above-described example, the 25classification is done, for
example, in the follawing wayz Input variables: f ainsupply amount, {2korresponding to

5 the sewage inflow amount sensor 122 for measuring the
amount of influent sewage, "[7] influent TN"
corresponding toe the influent TN sensor 123 for
measuring the total amount of nitrogen contained in the
influent sewage, "[8] influent TP" corresponding to the

10 influent TP sensor 124 for measuring the total amount
of phosphorus contained in the influent sewage, "[9]
influent UV" corresponding to the influent UV sensor or
influent COD sensor 125 for measuring the amount of
organic substances contained in the influent sewage,

15 "[107 anaerobic tank ORP" corresponding to the
anaesrchic tank ORP sensor 126 for measuring ORP in the
anaeroblic tank 102, "[11} anaercobic tank pH"
corresponding to the anaercbic tank pH sensor 127 foxr
measuring the pH in the anaerobic tank 102, "[1Z]

20 anoxic tank CRP" corresponding to the anoxic tank ORP
sensor 128 for measuring ORP in the anoxic tank 103,
"[13] anoxic tank pH" corresponding to the anoxic tank
pH sensor 129 for measuring the pH in the anoxic tank
103, "[14) aerobic PO4-P" corresponding to the

25 phosphoric acid sensor 1210 for measuring the
phosphoric acid concentration in the aerobic tank 104,

"[151 aerchilc tank DO corresponding to the DO sensor



-D1 circulating flow rate, [3] return flow rate, and [4] excess flow rate
TN and [20] effluent TP 5Intermediate variables: [5] rainfall, [6] sewage inflow amount, [7] influent TN,
[8] influent TP, [9] influent UV, [10] anaerobic tank ORP, [11] anaerobic tank pH, [12] anoxic tank ORP
[13] anoxic tank pH, 114] aerobic PO4-P, [15] aerobic tank DO, [16] aerobic 10tank NH4-N, [17]

aerobic tank MLSS, and [18] reaction tank water temperature

Output variables: [19] effluent

The input variables can directly be

changed by operating a blower (fan) or a pump. In-additfon to these variables, an injection amount of a

chemical or 15the like, a pump discharge (storage pump) for pumping water to the sewage treatment
process, and the like can also be input variables.

the output variables“Decatist the Hirett Bhjeti6r tﬂész?fééf\ﬁéigé) fréafiemi8 16 MdiAtah? Bach
discharged water q%all i\gntgg}g‘g rggyga,ylgnlv@ue range; If.another discharggwaten quality to be

monitored exists, it can also be an output variable. A dlscharge water quality loading amount obtained
by multiplying a discharge 25waterquality by a-disehargewates anopnt, ansrthedike cairalso be
output variables. If electric energy or the like is monitored, power consumption, an energy - 32 -

10

15

20

25

the ammonia concentraticn in the aerobic tank 104,
"[17] aeroblc tank MLSS" corresponding to the MLSS
senscer 1213 for measuring the activated sludge amount
in at least one of Lhe reaction tanks 102 to 104, "{1B8]
reaction tank water temperature" corresponding toe the
water temperature sensor 1214 for measuring the water
temperature in at least one of the reaction tanks 102
to 104, "[19] effluent TN" corresponding to the
effluent TN sensor 1219 for measuring the total amcunt
of nitrogen contained in the effluent sewage, and "[20]
effluent TP" corresponding to the effluent TP sensor
1220 for measuring the total amcunt of phosphorus
contained in the effluent sewage. A registration
screen .s preferably constructed as a GUI on the
monitor screen so that the user can easily execute the
registration.

The function of registering process variables is
the function of the process variable reglstration unit
3.

Next, the process variable classification user
interface unit 4 displays a list of the registered
process variables as shown in FIG. 2 as a GUI on the
monitor screen, and allows to select the input

variables, the output variables, and the intermediate

Discharge water qualities as descrlbed above are



consumption rate obtained by dividing the power consumption by a throughput, and the like can also
be output variables. The intermediate variables represent process 5states or disturbance factors input
to the processes, as described above. Not only the above-described direct control/monitor values but
also control values converted using them may be defined as intermediate variables. Typical examples
are control values such as 10HAT (Hydraulic Retention Time), SAT (Sludge Retention Time), A-SRT
(Aerobic Sludge Retention Time), and a BOS-SS load tihigue to the sewage treatment process. These
values may be included as intermediate variables by incorporating equations to calculate them in
15advance. Note that there is no objective criterion to classify the intermediate variables and the

output variables, afiithey tah-be défined appropriafely thotigh sightly'Subi8étively, at the discretion
of the 20person concerned who %%ngt%JEESpth@ Rrocess, monitoring/diggnostic/syuppart apparatus.

This is the function of the procéss variable classification unit'51. The past (offline) data extraction unit
52 25extracts the past.dataof the yvarables segisteredhy theprocess vatiable registration unit 3 for a

predetermined period from the past process data stored - 33 -
actual monitor screen (GUILY, the user marks checkboxes.
5 When all variables are set to intermediate variables in
the default state, and the user 1s caused to select
only the input variables and output variables from
them, labor for marking the checkboxes can be saved,
and the efficiency can be increased. The GUI is an
10 example of a process varlable classification user
interface correspending to claim 2 and an example of
the function of the process variable classification
ugser interface unit 4.
The process variable classification unit 51
15 classifies the process variables registered by the
process variable registration unit 3 into three types,
that 1s, an input variable representing the manipulated
variable of a process, an output variable representing
the performance index of a process, and an intermediate
20 variable corresponding to the control value of a
process or the like in accordance with the criterions
checked by the process variable classification user
interface unit 4.
For the above-described example, the
25 classification is done, for example, in the following
WAY .

Input variables: [1] air supply amount, [Z2]



in the process measurement data collection/storage unit 2. At this time, the "predetermined period" is
preferably implemented as a GUI on the monitor screen or the like together with the process variable
Sregistration unit 3 so that the user can easily select it as needed. The past time series data extracted
here will be referred to as X. X is a matrix having variables (variables [11 to [201 in the
above-described case) in the row direction and time series samples 10(time series data) for the
"predetermined period" defined above in the column ditéction. In the following description, let n be the
number of variables, and m be the number of time series data. Hence, X includes m x n time series
data. This is the 15function of the past (ofgli e) data extraction unit 52. The proc S variable
correlation defining unit-53 foréxampié, appropriately FEMBYEs Mising Hata aﬁB%uTl jrs from X
extracted by the past (offline),dafa extraction unit 52 or normalizes (= subtracts the 20average value
and divides the result by a variance) a plurality of monitoring items of different dimensions (monitoring
model construction variables),@nd-thenabtains the egrretationsnatrixrof 2q At this time, decimation
(thinning out the time series samples at a 25predetermined period) and the like may be performed as
needed. In this cagé,ftheditimiddr m of time series data changes. At any rate, the appropriately

processed data - 34 - will be referred to as X a.n%\gL he(eirl%ff]r. When @f v? les are normalized,

the correlation matrix of X HiatEAES the Varlahce covariantd matrix and can simply bé calculated by

scorrelation matrix 35 X Xarddhnt, [7] influent TN, [8] influent TP, [9]

influent UV, [10] anaerocobic tank ORP, [11] anaerobic
tank pH, [12] anoxic tank ORP, [13] anoxic tank pH,
[14] aerobic PO4-P, [15] aercbic tank DO, {[lé] aercbic
ic tank NHZ-N, [17] aerobic tank MLSS, and [18}1 reaction
tank water temperalture
The input variables can directly be changed by
operating a blower (fan)} or a pump. In addition to
these variables, an injection amount of a chemical ox
15 the like, a pump discharge (storage pump) for pumping
water to the sewage treatment process, and the like can
also be input variliabkles.
Discharge water gualities as described above are
the output variables because the direct object of the
20 sewage treatment isg to maintain each discharged water
guality within the regulation value range. If another
discharge water guality to be monitored exists, it can
also be an output variable. A discharge water quality
loading amount obtained by multiplying a discharge
25 water guality by a discharge water amount, and the like
can also be output variables. If electric encrgy or

the like is monitored, power consumption, an energy



Equation (1) represents an n x n matrix (n is the number of process variables) in which each element
is a real number representing a correlation coefficient from -1 to 1. According to the definition of
10correlation coefficients, this matrix is a symmetric matrix (correlation between a and b equals
correlation between b and a) in which all diagonal elements are 1 (the correlation coefficient for a
variable itself is 1). Appropriate criteria are set for the correlation coefficients of equation (1) to define
the presence/absence and strength of correlation.-Simplest definition uses the presence/absence of
correlation as a criterion. For example, a correlation determination rule (Example 1) can be defined as
shown in FIG. 3. 20Th is a criterion to determine the presence/absence of correlation. For example, Th
- 0.5, Th - 0.7 (Th2 9%t @8t dPthellKesis Ukd L i additioR 1ah-dppropriafe exptession form such as
correlation is present - 1 ang correlation igbabseng- %% 0, or orgglgtigg i% present fs%ag correlation is
absent - x is used 884§ amatrix r%Breasentiﬁa%ﬁe resence/absence o}f correiétion, which is an
example of - 35 - the matrix.defined by the process variable correlation defining unit 53. As
another example, the correlation strength is determined at several levels. For example, to separate
5the strengths into three gvels; atecorrelatien determimations ules(BExaample 2) moay:be set as shown in
FIG. 4. Thl and Th2 are thresholds that satisfy 0 < Th2 < Thl < 1. For example, Thl = 0.7 and Th2
= 0.5 are Poused. fi a88itioR Faf appropi e Bxpressiomfotmitichds Sténg’ EOTEIATIGH = 2, weak

Cowemnon:]”angguﬁescribed above. Not only the above-described

direct control/monitor values but also control values
converted using them may be defined as intermediate
variables. ‘Typical examples are control values such as

10 HRT {(Hydraulic Retention Time), SRT (Sludge Retention
Time), A-SRT (Aercbic Sludge Retention Time), and a
BOS-55 lcocad unigue to the sewage treatment process.
These values may be included as intermediate variables
by incorporating equations to calculate them in

15 advance.

Note that there is no objective criterion to
classify the intermediate variables and the output
variables, and they can be defined appropriately,
rhough slightly subjectively, at the discretion of the

20 person concerned who constructs the process
monitoring/diagnostic/support apparatus.

This is the function of the process variable
classification unit 51.

The past (offline) data extraction unit 52

25 extracts the past data of the variables registered by
the process variable registration unit 3 for a

predetermined periocd from the past process data stored



correlation = 0, or strong correlation = @, weak correlation = 0, and no correlation - x can be used. As
well as from the simple viewpoint of 15correlation between the variables, the presence/absence (or
strength) of the relationship between the variables may be defined using a loading matrix of principal
component analysis to be described later. A principal component loading having a size of n x n
considering 20all variables is represented by Pa, and the kth row and jth column of the matrix is
represented by Pa(k, j). Since the loading matrix P&dis anormal orthogonal matrix because of its
characteristic, each element of Pa(k, j) takes a value from -1 to 1. The square-sum 25= 1}15}Pa(k,
j)2 of the ith principal component defined by the kth row of Pa (to be referred to as Pa(k, :). hereinafter)

is 1. This means th&t thee- BEQGReradedalie SrEak G712 1 I USgthid CHardéerist & the
presence/absence, of thﬁtfelc%ﬂgsfe@n%etwgﬁg the variables canhe determiped; by a correlation
h 5in 5. he ¢

determination rule (Example 3) as showh 5in FIG. In the above-described case, the relationship
is defined based opthecriterion that variablesdarger thansthecaverage walueofithe kit principal
component of the kth row of the principal component loading 10matrix are associated with each other.
The threshold or the like together with the process variable
5 registration unit 3 so that the user can easily select
it as needed. The past time series data extracted here
will be referred to as ¥X. ¥ is a matrix having
variables (variables {1] to [20] in the above-described
case) in the row direction and time series samples
10 (time series data) for the "predetermined period”
defined above in the column direction. In the
following description, let n be the number of
variables, and m be the numbsr of time series data.
Hence, X includes m x n time series data. This is the
15 function of the past {(offline) data extraction unit 52Z.
The process variable correlation defining unit 53,
for example, appropriately removes missing data and
cutliers from X extracted by the past (offline) data
extraction unit 52 or normalizes (= subtracts the
20 average value and divides the result by a variance) a
plurality of monitoring items of different dimensions
(monitoring model construction variables), and then
obtains the correlation matrix of X. At this time,
decimation (thinning out the time series samples at a
25 predetermined period) and the like may be performed as

needed. In this case, the number m of time series data

changes. At any rate, the appropriately processed data



may be changed by appropriately correcting the average value 1/n, or the strength of the relationship
may be defined by a plurality of thresholds as in Example 2 of the correlation determination rule, as a
matter of course. FIG. 6 shows an example in which the strength of the relationship (or correlation)
between the process variables is defined in the above-described way. The process variable correlation
defining unit 53 20consequently defines the correlation between the process variables as shown in
FIG. 6 by some mechanical means. At this time, nete thét the input variables, the output variables, and
the intermediate variables classified by the process variable classification unit 2551 are classified and

held as shown in FIG. 6. This is the point in performing abnormality countermeasure support to be
described later. - 37 L Tieabe/ecdesdibed eibSdifiEHt is'8A eXAmpie 6f a pfo&ess4riable defining

means corresponding to claim 5. This is the function fhthe rocess \éa.riaIpl%g rgglgtig@ qgfining unit
53. 5At this time, a'tablé Kr)e%r%sgrlft?ngn%jémcaolr%e%gti%n %et%ve(%rl"tﬂee paroééjss Var?ab‘les as shown in FIG.

6 is preferably preggnteddQ the user viaa.6Ll onthemanitorscrean: ladhiscasestheoprpcess
variable correlation defining interface unit 6 allows the user 10to rewrite the presence/absence or

strength of correlatien irz the:tabile:ds ingeded. This makes it possible to easily reflect a user's

requirement on the system when he/she has doubts abo%the correlation relationship melchanically
determined in the 15abovédéscribedafAerand wantsto‘correct it R

Equation (1) represents an n x n matrix (n is the
number of process variables) in which each element is a
real number representing a correlation coefficient
from -1 to 1. According to the definition of
10 correlation coefficients, this matrix is a symmetric
matrix (correlation between a and b equals correlation
between b and a) in which all diagonal elements are 1

{the correlation coefficient for a variable itself 1is

1). Appreopriate criteria are set for the correlation
15 coefficients of equation (1) to define the
presence/absence and strength of correlation. Simplest

definition uses the presence/absence of correlaticn as
a criterion. For example, a correlation determination
rule (Example 1) can be defined as shown in FIG. 3.

20 Th is a criterion to determine the

presence/absence of correlation. For example,

14

Th = 0.5, Th = 0.7 (ThZ 0.5}, or the like is used.

In addition, an appropriate expression form such as
correlation is present = 1 and correlation is absent =
25 0, or correlation is present = O and correlation is

absent = x is used. 8§ 1s a matrix representing the

presence/absence of correlation, which is an example of



appropriately. An important point of this embodiment is that instead of requiring the user to define the
presence/absence of correlation in advance, only when the user wants to customize the mechanically
defined 20correlation, he/she is allowed to customize it. This function is an example of a user
interface corresponding to claim 6 and an example of the function of the process variable correlation
defining interface unit 6. 25The abnormality detection data defining unit 54 generates a small number
of abnormality detection data by applying various methods of multivariate statistical - 38 - analysis or
machine learning to X extracted by the past (offline) data extraction unit 52. It is important that the
abnormality detection data includes the information of the n process v ri%bles because it is 5generated

from X, and the numBer'éf-abriortiatity G&teBiiorr data s e shafier rahd BsTargé'as 1 or 2.

A method commo@gyﬁggﬁs a process diagnostic technique is called MSPC (Multi-Variate Statistical
10Process Control). In this method, normally, abnormality detection data called a Q statistic or a T2
statistic is synthesized using PGA (RrincipalfZomponert Aralysis):enBhS<{Prejeqtion tosLatent
Structure/Partial Least Squares). PCA handles all the 15n variables as equal variables, whereas PLS
handles the n variglsies sepatateyrassimpat vdrialiies afid output vafiaBRese in fiis Ribbdihent, the

rocess variables are .
P 5 the strengths into three levels, a correlation

determination rule (Example 2) may be set as shown in
FIG. 4.
Thi and Th2 are thresholds that satisfy 0 < ThZ <
Thl < 1. For example, Thl = 0.7 and Th2 = 0.5 are
10 used. In addition, an appropriate expressicon form such
as strong correlation = 2, weak correlation = 1, and no
correlation = 0, or strong correlation = ©, weak
correlation = O, and no correlation = x can be used.
As well as from the simple viewpoint of
15 correlation between the varliables, the presence/absence
(or strength) of the relationship between the varlables
may be defined using a loading matrix of principal
component analysis to be described later. A principal
component loading having a size of n x n considering
20 all variables is represented by P4, and the kth row and
ith column of the matrix is represented by Pgylk, 7).
Since the loading matrix P, is a normal orthogonal
matrix because of 1ts characteristic, each element of
P,(k, J) takes a value from -1 to 1. The square-sum
25 S {§ = 1}7{15)P4(k, 3)2 of the ith principal component
defined by the kth row of Py (to be referred to as

P5y(k, 1) hereinafter) is 1. This means that the



classified into input variables, output variables, and 20intermediate variables. The process variables
are classified so as to be used for abnormality countermeasure support after diagnosis. Hence, in this
embodiment, either of PCA and PLS can be used independently of the classification. When PCA is
25applied, the already defined input variables, output variables, and intermediate variables are applied
without distinction. When PLS is used, the classified - 39 - intermediate variables are further classified
into input variables and output variables and then appli&d. Irr place of PLC, PCP that combines PCA
and multiple regression analysis may be used. When, for example, a 5plurality of process variables
are repetitively measured in different places, OVA Sa%anonical Variate Analysis) can be used. This
corresponds to a ca&8YA Whick, fBF exdmpie! five VafiabRs siith as\Rafes téMpeérature, pH, electric
conductivity, nitrc aeid, 10and turbidity gre.repeliively megsured In 3 plyrglty of places of a water
treatment process. TFoata is assumea fo include many outliers, various robust PCA algorithms

considering robustpess againgt outliess,such ag-literaturest [Mia Hubere15Reterd: Roysseeuw, and
Karlien V, ROBPCA: a New Approach to Robust Principal Component Analysis (2005),

Technometrics" arid literaterie:2 ¥CGrCrbtixeamdiARuizGazehe High braakelown estinsdtors: for principal
componengs: the pirgjegtll%r!-pgfswt approach revisited,

In the above-described case, the relationship is
defined based on the criterion that variables larger
than the average value of the kth principal component
of the kth row of the principal component lcading

10 matrix are associated with each other. The threshold
may be changed by appropriately correcting the average
value 1/n, or the strength of the relationship may be
defined by a plurality of thresholds as in Example 2 of
the correlation determination rule, as a matter of

i5 course,

FIG. 6 shows aﬂ example in which the strength of
the relationship {or correlation) between the process
variables is defined in the above-described way. The
process variable correlation defining unit 53

20 conseqguently defines the correlation between the
process variables as shown in FIG. 6 by some mechanical
means. At this time, note that the input variables,
the output variables, and the intermediate variables
classified by the process variable classification unit

25 51 are classified and held as shown in FIG. 6. This is
the point in performing abnormality countermeasure

support to be described later.



20Journal of Multivariate Analysis", may be used. Alternatively, robust PCA may be expanded and
used as robust PLS. If strong nonlinear correlation is assumed to exist between data, kernel PCA
considering nonlinearity 25described in literature 3 "K.-R. Muller, S. Mika, G. Ratsch, K. Tsuda, and B.
Scholkopf, An introduction to kernel-based learning algorithms. IEEE Trans. Pattern - 40 - Anal.
Machine intell., 12(2):181.201, March 2001" or literature 4 "B. Scholkopf, A.J. Smola, and K.-R. Muller,
Nonlinear component analysis as a kernel eigenvatue problem. Neural Computation,
510(5):1299.1319, 1998", or kernel PLS as an expansion thereof may be used. If both the problem of
nonlinearity and that of outliers exist, a method that combines robust PCA and kernel PCA is usable.

Detection data can also Ba'§eriérated B 2CI0tBERhiGHE S 16 MSPE uSiHG Tie Mahaldhobis

distance, for example, a Taguchi method psed in the field of quality engineering.Note that the
detection data usi (j: %ceeﬁl%hg?a%b%%l)s 8is%n€le%§%%bg%%rﬁglly the gar%% as th% Hotelling's T2 statistic

using PCA to 15be gdesgribed later; Themethod:using PEA isdifferent inthat the,dimensienality is
lowered by PCA. However, even the method using the Mahalanobis distance sometimes lowers the
dimensionality to stabilize thel prumeéei€aivalgesirHénce; the detection data using the

5 At this time, a table representing the correlation
petween the process variables as shown in FIG. 6 1is
preferably presented to the user via a GUI on the
monitor screen. In this case, the process variable
correlation defining interface unit 6 ailows the user

10 to rewrite the presence/absence or strengith of
correlation in the table as needed. This makes 1t
possible to easily reflect a user's reguirement on the
system when he/she has doubts about the correlation
relationship mechanically determined in the

15 above-described manner and wants to correct it
appropriately. An important point of this embodiment
is that instead of requiring the user to define the
presence/absence of correlation in advance, only when
the user wants to customize the mechanically defined

20 correlation, he/she 1s allowed to customize if.

This function is an example of a user interface
corresponding to cleim 6 and an example of the function
of the process variable correlation defining interface
unit 6.

25 The abnormality detection data defining unit 54
generates a small number of abnormality detection data

by applying various methods of multivariate statistical



20Mahalanobis distance is substantially the same as the flotelling's T2 statistic. Regarding
abnormality detection as a 2-class clustering problem for identifying certain data as normal class or
abnormal class allows to use various 25kinds of clustering techniques used in the field of machine
learning. As such a technique, clustering such as discriminant analysis, K-means clustering, or fuzzy -
41 - C-means clustering may be used. Alternatively, SVM (Support Vector Machine) or RVM
(Relevance Vector Machine) using Bayesian inferenceitay-be applied as 2-class clustering. To use
these clustering 5techniques, it is necessary to appropriately define the abnormality detection data. As
the simplest method, the distance from the center of the normal class separated by clustering is
defined as abnornfdlity deteetion date 10Xs anthei tsehpique ifthe fieldcof Mrching 18arming, the
technique of the sub%sﬂ\ce method wide%use in the fie.IdCoéwEnageDEecquniltion iétagBP icable. At this

time, the concept of “simit&ity” défired By the sibshace method is Usable as abnormality detection

15data. That is, datg having.low.similarty tonermal data can e defined as-abnormal data and used.

However, the concept of similarity is very close to the concept of "Q statistic" of PCA to be described
later. The Q statistie: fepreseritsthe degreeroffabmosmality 20eepresefitingpthesdistanée from certain

diagnosis target .
5 generated from X, and the number of abnormality
detection data is much smaller than n and as large as 1

or 2.
A method commonly used as a process diagnostic
technigue is called MSPC (Multi-Variate Statistlicail
10 Process Controld. In this method, ncrmally,
abnormality detection date called a Q statistic or a TZ
statistic is synthesized using PCA (Principal Component
Analysis) or PLS (Profjection to Latent
Structure/Partial Least Sguares). PCA handles all the
15 n variables as equal variables, whereas PLS handles the
n variables separately as input variables and output
variables.
in this embodiment, the process variables are
classified into input variables, output variables, and
20 intermediate variables. The process varlables are
classified so as to be used for abnormality
countermeasure support after diagnosis. Hence, in this
embodiment, either of PCA and PLS can be used
independently of the classification. When PCA is
25 applied, the already defined input variables, ocutput
variabhles, and intermediate variables are applied

without distinction. When PLS is used, the classified



data to a low-dimensional space. On the other hand, similarity is a quantity of projection of certain
diagnosis target data to a low-dimensional space and represents the "degree of normality”
corresponding to 25the degree of closeness between the certain data and the low-dimensional space.
The degree of abnormality and the degree of normality are orthogonal complements. - 42 - These
concepts are almost the same in principle because they can be converted into each other.
Abnormality detection data can also be synthesized by3&ombining the above-described methods in
various 5forms. For example, out of PCR that combines FDA and multiple regression analysis, the
portion of multiple regression analysis may be replaced with SVR (Support Vector Regression) that is

regression analysis'expanaed dlotn €appert Veetor fradhind BERVM appiidd frthe Toregression

problem. At any ra&ed |tvlf§, important 12%1 h%g}ﬁ%rgmgrlg {jae})elcetlsonadnaéatdﬁagmn unit 54.to generate
a small number of abnorma |t§/ etection data fro , and any generation method-is usable.

15Detailed equations gf abnormality deteption data-generatian ysinganarmalRGA will be described
below for a subsequent explanation of functions. X can be decomposed as follows. 20
regression analysis may be used. When, for example, a
5 plurality of process variables are repetitively
measured in different places, CVA (Canonical Variate
Analysis) can be used. This corresponds to a case in
which, for example, five variables such as water
temperature, pH, electric conductivity, nitric acid,

10 and turbidity are repetitively measured in a plurality

of places of a water treatment process.
1f data is assumed to include many outliers,
various robust PCA algorithms considering robustness
against outliers, such as literature 1 "Mia Hubert,

15 Peter J. Rousseeuw, and Karlien V, ROBPCA: a New
Approach to Robust Principal Component Analysis (20035},
Technometrics"” and literature 2 "C Croux and A
Rulz-Gazen, High breakdown estimators for principal
components: the projection-pursult approach revisited,

20 Journal of Multivariate Analysis", may be used.
Alternatively, robust PCA may be expanded and used as
robust PLS.

If strong nonlinear correlation is assumed to
exist between data, kernel PCA considering nonlinearity

25 described in literature 3 "K.-R. Muller, 8. Mika, G.
Ratsch, K. Tsuda, and B. Scholkopf, An introduction to

kernel-based learning algorithms. IEEE Trans. Pattern



__"-FTapa =tp T*p 1=1i=P1 PE(2) TaRmxn is a matrix called a score matrix having m samples (or
time series data) and n principal components. Pa ¢ Rnxn is a matrix called a loading - 43 - matrix
representing the relationship between n constituent variables and n principal components. T E RMXP
is a submatrix of Ta terminated in p << n principal components and normally called a score 5matrix.
Similarly, P e RnxP is a submatrix of Pa representing the relationship to principal components
terminated in p << n for the n variables, and P is normally called a loading matrix. E e Rmxn is an error
matrix including having m samples (or time series data) 10and n variables and represents an error

when the principal components are terminated i |np <<
Anal. Machine Intell., 12 2) :181.201, March 2001" or

literature 4 "B. Scholkopf, A.J. Smola, and K.-R.
Muller, Nonlinear component analysis as a kernel
eigenvalue problem. Neural Computation,

5 10(5):1299.1319, 1998", or kernel PLS as an expansion
thereof may be used. If both the problem of
nonlinearity and that of cutliers exist, a method that
combines ropust PCA and kernel PCA 1s usable.

Detection data can alsc be generated by a

10 technique similar to MSPC using the Mahalanobis
distance, for example, a Taguchl method used in the
field of guality engineering. Note that the detection
data using the Mahalanobis distance is substantially
the same as tThe Hotelling's TZ statistic using PCA to

15 e described later. The method using PCA i1s different
in that the dimensionality is lowered by PCA. However,
even the method using the Mahalanobis distance
scmetimes lowers the dimensionality to stabilize the
numerical values. Hence, the detection data using the

20 Mahalanobis distance is substantially the same as the
Hotelling's T2 statistic.

Regarding abnormality detecticon as a Z-class
clustering preblem for identifying certain data as
normal class or abneormal class allows to use various

25 kinds of clustering techniques used in the field of
machine learning. As such a technigue, clustering such

as discriminant analysis, K-means clustering, or fuzzy



Ta and T, or Pa and P are clearly discriminated. Ta and Pa will be referred to as a score matrix and a
loading matrix, respectively, and T and P will be 15referred to as a main score matrix and a main
loading matrix, respectively. Using these matrices, a Q statistic and a Hotelling's T2 statistic are
defined as abnormality detection data. Q statistic: 20Q(x(t)) = XT(t)(I-PPT)x(t)... (3) Hotelling's T2
statistic: T2(x(t)) = xT(t)pTA- 1Px(t)...(4) where A is a matrix having the variances of the principal
components as diagonal elements and means 25that the variances are normalized, | is a unit matrix
having an appropriate size, and x(t) is the tth element of the matrix X. In abnormality
monitoring/diagnosis - 44 - to be described later, x(t) is calculated to replace process data measured

online. Equations (3)'%4¥(@) até eX&inples SFabrdrntiity detettioh tatd d&filed by the abnormality
detection data defining 54 T, Sabpomaliy deieolon, data.Are used ere. . I addiion

t
thresholds serving as determination criteria to identify abnormality and normality are set for the

statistics. The setting-method isdmpertant becauseitheset threshaldsgreaitycarcera detection of 10a
state change or abnormality sign. However, the threshold setting method is not relevant to the idea of
this embodiment, a@nd:bakca typicdl setting-mefiiodwill berdescribeds tering

5 technigues, 1t is necessary to appropriately define the
abnormality detection data. As the simplest method,
the distance from the center of the normal class
separated by clustering is defined as abnormality
detection data.

i0 As another technique in the field of machine
learning, the technigque of the subspace method widely
used in the field of image recognition is applicable.
At this time, the concept of "similarity" defined by
the subspace method is usable as abnormality detection
15 data. That is, data having low similarity to normal
data can be defined as abnormal data and used.
However, the concept of similarity is very close to the
concept of "Q statistic" of PCA to be described later.
The ¢ statistic represents the "degree of abnormality”
20 representing the distance from certain diagnosis target
data to a low-dimensional space. On the other hand,
similarity is a quantity of projection of certain
diagnesis target data tc a low-dimensional space and
represents the "degree of normality" corresponding to
25 the degree of closeness between the certaln data and
the low-dimensional space. The degree of abnormality

and the degree of normality are orthogonal complements.



If no preliminary information exists for past 150ffline data, the statistical confidence limit of the Q
statistic and the statistical confidence limit of the Hotelling's T2 statistic can be used as the default
threshold setting method (literature 5: C. Rosen "Monitoring Wastewater Treatment Systems", Lic.
Thesis, 20Dept. of Industrial Electrical Engineering and Automation, Lund University, Lund, Sweden
(1998)). This can be written in the following way. Theoretical equation of Qlimit: 2 0103 ,23 02 - 45 -
where p is the number of variables remaining in the mddel, ea is the shift of standard deviation of the
standard normal distribution when the limit of the confidence interval is 1 - a (for example: 2.53 when

10

15

20

These concepts are almost the same in principle because
they can be converted 1into each other.

Abnormality detection data can also be synthesized
by combining the above-described methods in various
forms. For example, cut of PCR that combines PCA and
multiple regression analysis, the portion of multiple
regression analysis may be replaced with SVR (Support
Vector Regression) that 1s regression analysis expanded
from support vector machine or RVM applied to the
regression problem.

At any rate, it is important for the abnormality
detection data defining unit 54 to generate a small
number of abnormality detection data from X, and any
generation method is usable.

Detailed equations of abnormality detection data
generation using normal PCA will be described below for
a subsecguent explanation of functions. X can be

deconmposed as follows.

n ;
X= Zti*pir
i=1

=T 4Py L
p i T
= Zti*piT+ Zti *pi
1=1 i=P+1
=Tp T+E (2)
T, € RPN is a matrix called a score matrix having
m samples {or time series data) and n principal

components. Py € RMI is g matrix called a loading



5a =0.01, and 1.96 when a = 0.05), and ki is the diagonal element of A (that is, ei is the sum of ith
power of the components included in an error term). Theoretical equation of T2limit: 10121 imitp (rn
-F(pp a) (6) m - p where p is the number of variables selected (= remaining in the model), in is the total
number of variables, F(p, m - p, a) is the F distribution when the degree of freedom is (p, m - p), and
the confidence 15limit is a (often set to 0.01 or 0.05). Described above is an example of the
function of the abnormality detection data defining-units4 corresponding to claim 3. The abnormality
detection data contribution amount 20defining unit 55 sets equations to define the contribution
amounts of input variables of each diagnostic model for the statistics (abnormality detection data)
defined by equatidhd (3 And &Y. 2 BluFality of E6ntibutibr aifourkt defihitgbmethods are available.

FOreXanuﬂQthe(ggwgggkgg%Qe&%@%g%iggoggd n principal components.

T € RXP is a submatrix of T4 terminated in p << n
principal components and normally called a score
5 matrix. Similarly, P € RI*P is a submatrix of Pj
representing the relationship to principal components
terminated in p << n for the n variables, and P is
normally called a loading matrix. E € R is an errcr
matrix including having m samples (or time series data)
10 and n variables and represents an error when the
principal components are terminated in p << n.
Ty and T, or Py and P are clearly discriminated.
T, and P will be referred to as a score matrix and a
loading matrix, respectively, and T and P will be
15 "referred to as a maln score matrix and a main loading
matrix, respectively. Using these matrices, a Q
statistic and a Hotelling's T2 statistic are defined as
abnormality detection data.
Q statistic:
20 0x(t)y = xT(e) (r-prTyx(t) ce (3
Hotelling's TZ gtatistic:
T2(x(t)) = xToypTA-1px(t) cee (4)
where A is a matrix having the variances of the
principal components as diagonal elements and means
25 rhat the variances are normalized, I 1s a unit matrix
having an appropriate size, and x{f) 1is the tth element

of the matrix ¥X. In abnormality monitoring/diagnosis



Contribution amount of Q statistic: Qcont(n, - 46 - F = (I-PPT) Contribution amount of Hotelling's T2
statistic: T2cont(n, t) = XT(t)pTA-Ip(:, n)x(t, n)...(8) where n is the nth variable, and t is a variable
Srepresenting a time. Using equations (7) and (8) enables to calculate the degree of contribution of
each process variable to the value of abnormality detection data. Equation (7) represents the
projection of the nth process variable of the Q statistic to the axis. 10Equation (8) does not represent a
simple projection but decomposes the T2 statistic well 4@ the-sum of the n variable components. If
abnormality detection data other than the Q statistic or Hotelling's T2 statistic is used, the
15contribution amount needs to be appropriately defined based on an idea similar to equation (7) or
(8).  When the Mahafaridbis-distarice lusediin quelity ésgifeerng istased; the eBAttiBation amount

can be defined usggosgggglwty agalxggs%%eeddlnotgf eguch| %%rgg&hggs (3) and (4)

are examples of abnormality detection data defined by
the abnormality detection data defining unit 54. Two

abnormality detection data are used here.

N

In addition, thresholds serving as determination
criteria to identify abnormality and normality are set
for the statistics. The setting method is important
because the set thresholds greatly concern detection of

10 a state change or abnormality sign. However, the
threshold setting method is not relevant to the idea of
this embodiment, and only a typical setting method will
be described.

If no preliminary information exists for past

15 offline data, the statistical confidence limit of the 0
statistic and the statistical confidence limit of the
Hotelling's TZ statistic can be used as the default
threshold setting method (literature bH: C. Rosen
"Monitoring Wastewater Treatment Systems", Lic. Thesis,

20 Dept. of Industrial Electrical Engineering and
Automation, Lund University, Lund, Sweden (1998}).

This can be written in the following way.

Theoretical equation of Qiipit:

( 2)1/ 1/hp
2 @oh hpolho— 1
Qlimit =01 ¢ ©zho +1-+ ——iOz 0o ) (5)
81 @1

25 ] 20,03

hor =1 — =L
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When applying a clustering method, abnormality detection data is defined as the distance from the
center of the normal class, as described above. This allows to define the contribution component of
each 25process variable to the distance as a contribution amount. For example, abnormality detection
data is defined as an Euclidean distance. Letting D be the - 47 - distance from the center of the
normal class to the diagnostic data, decomposition can be done by D2 = D22 D22D32 4. ... = Dn2, Di2
where i =1, 2, ..n is the distance of each component of the Sdiagnostic data, thereby defining Di2 as
the contribution amount. Alternatively, after abnormality detection, ICA (Independent Component
Analysis) may be used to analyze which data causes abnormality at high possibility so as 10to enable
to consequently eXfF&ctSsdme: prodeds Vafiaplesds FBromTaliff factdircdhdidatés withidut positively
defining the contribu%oqamgunt. ..Inde en%dent%oggg% et od.to be used, t&e ahnormality

: s the :
detection data contributidn afotint 5ef|en|ng]1 unit 55 needs to have a mechanism capable of ranking

the process variahles inydescending.arder of possibilishto.gauserapnormality and edtputting them
when abnormality detection data calculated in accordance with the method defined by the abnormality

20detection data defininglenit84 isiinputfor dertain—- o (for example: 2.53 when
5 o = 0.01, and 1.96 when o = 0.05), and A; 1s the
diagonal element of A {that is, ©®; is the sum of ith
power of the components included in an error term).

Theoretical eguation of Tzlimitz

where p 1s the number of variables selected
(= remaining in the model), m is the total number of
variables, F(p, m - p, o) 1s the F distributlion when
the degree of freedom is {(p, m - p), and the confidence
15 limit 1s o {often set to 0.01 or 0.05).
Described above is an example of the function of
the abnormality detection data defining unit 54
corresponding to claim 3.
The abnormality detection data contribution amount
20 defining unit 55 sets equations to define the
contribution amounts of input variables of each
diagnostic model for the statistics (abnormality
detection data) defined by eguations (3) and (4).
A plurality of contribution amount defining
25 methods are available. For example, the definition can
be done as follows.
Contribution amount of ¢ statistic:

Ocont (n, t) =xT(t, myr{:, myTE(:, nix(t, n)...(7)



diagnostic data. Any method is usable as long as the mechanism can be implemented. The
above-described function corresponds to claim 4, which is an example of the function of the
25abnormality detection data contribution amount defining unit 55. The abnormality countermeasure
support information - 48 - defining unit 56 constructs rules to provide information for abnormality
countermeasure support based on the information of process variables ranked in descending order of
possibility to cause abnormality, 5which is supplied as%he output of the abnormality detection data
contribution amount defining unit 55, and information from the process variable correlation defining unit
53. First, top-ranked factor candidate§ are extracted 10from the ranked abnormality factor candidate
variables in accordance \F/ith:aﬁéggte)rmined rule. As the simplest rule, several (for example, three)

abnarmality factor candidates from. e gn.a1e gxtacted as heitopganked abpgimallty factor

candidates. However, 15this simplest rule uses only the order information of the abnormality factor
candidates and does notrpbgg' er the degree:df abnofmality.(For this:regson; a rule to.extract

candidate variables having high degrees of abnormality is more preferable. For example, an
where n is the nth variable, and t is a variable
5 representing a time. Using equations (7) and (8)
enables to calculate the degree of contribution of each
process variable to the value of abnormality detection
data. FEguation (7) represents the projection of the
nth process variable of the @ statistic to the axis.

10 Fouation (8) does not represent a simple projection but
decomposes the T< statistic well to the sum of the n
variable components.

If aknormality detection data other than the Q
statistic or Hotelling's TZ statistic is used, the

15 contribution amount needs to be appropriately defined
based on an idea similar to equation (7) or (8).

When the Mahalancbls distance used in quality
engineering is used, the contribution amcunt can be
defined using sensitivity analysis used in the Taguchi

20 method.

When applying a clustering method, abnormality
detection data is defined as the distance from the
center of the normal class, as described above. This
allows to define the contribution component of each

25 process variable to the distance as a contribution
amount. For example, abnormality detection data is

defined as an Buclidean distance. Letting D be the



20average value u and standard deviation a of the contribution amounts are calculated. The rule is set
such that a variable whose distance from the average u exceeds ka (for example, k - 3) is extracted as
an abnormality factor candidate. At this time, u and a 25can be either calculated for diagnostic target
data at the time of abnormality detection or calculated in advance from contribution amount data for a
- 49 - predetermined period. In the former case, some form of robust processing, such as trimmed
averaging or trimmed variance, for performing calculatioh after discarding some data is preferably
performed because abnormality S5detection always involves abnormal data. The rules may be
combined so as to select three variables at maximum as factor candidates from variables having high
degrees of abnormisiity SREENY FAtE, Sxtracting 'severdl P famsd adndrhiity fattdi Gandidates is the
first 10rule defined by the %Qriormalit)éco ntermeasure.s?pggtgn{%m (t)igg d&pning unit 56. Next, a

[

. : SCOmPposLLiD .
rule is set to classify the extracted da%nbrmalltypiggcto"rL candidate variables into input variables, output

variables, and inteﬁﬁediaé%i’/ar;ialglgg 156 @@Nnin_EIG.ﬁ.gErg)? ,exagﬂala,,w@hj@n the-defjnition that
top-three variables are extracted by the first rule is employed, the three variables are classified into
input variables, oufput variables; and<nteéfmediate vafialbiesbyamaking thémcdortdspond to the table of

FIG. 6. This 20can easily be implemented by simply applying an abnormality factor candidate
classification rule & &HEWA it B1E 37 Aetting ER bé ﬁ?n‘%rﬁﬁi’iﬁ/ fatfor tantidate variables (vectors),

FU be an input varé'%lgllgﬂ%%tgg)&utg%@%m,. Fl be an intermediate variable

Aiternatively, after abnormality detection, ICA
{Independent Component Analysis) may be used to analyze
which data causes abnormality at high possibility so as

1G to e&nable to consequently extract some process
variables as abnormality factor candidates without
positively defining the contribution amount.

Independently of the methed to be used, the
abnormality detection data contribution amount defining

15 unit 55 needs to have a mechanism capable of ranking
the process variables in descending order of
possibility to cause abnormality and cutputting them
when abnormality detection data calculated in
accordance with the method defined by the abnormality

20 detecticn data defining unit 54 is input for certailn
diagnostic data. Any method is usable as long as the
mechanism can be implemented.

The above-described function corresponds to
claim 4, which is an example of the functicon of the

25 abnormality detection data contribution amount defining
unit 55.

The abnormality countermeasure support information



25(vector), and FY be an output variable (vector). In this case, [] represents an empty vector, and

[A 13] represents a vector that connects a vector A and - 50 - a vector B.

As described above, the

second rule classifies the abnormality factor candidate variables FX into the input variables FU, the
output variables FY, and the 5Sintermediate variables FZ. Next, a template to provide information for
countermeasure support is created using the input variables FU, the output variables FY, and the
intermediate variables FZ. This is the third rule. 10The4soint-is to have a mechanism for making the
input variables FU, the output variables FY, and the intermediate variables FZ correspond to the
correlation matrix in FIG. 6 to output a support message and, more particularly, to incorporate a
support message #ci5dtvise thelGperator ot atcolinternieestite 6 taked Foi the operator, information
representing an operation he/she should %erform irl an abggrrpgl state and information representing

the state the perforfancd dex of interés

6 the operyatgr i'in and in What 20 anner the index may

change are important, Henge, forexample,an abpormpalify countermeasyre supporth message
generation rule template as shown in FIGS. 8 and 9 is created. Points of the message template are

simple 25classificationcafrtie processvariablessinta thiel input variables coutputvariablés; and

intermediate variables without needing special knowledge about the target

5 which is supplied as the output of the abnormality

detecticon data contribution amount defining unit 55,

and information from the process variable correlation

defining unit 53.

First, top-ranked factor candidates are extracted

10 from the ranked abnormality factor candidate variables

in accordance with a predetermined rule.

simplest rule, several (for example, three)

the

abnormality

factor candidates from the top are extracted as the

top-ranked abnormality factor candidates.

However,

15 this simplest rule uses only the order information of

the abnormality factor candidates and does not consider

the degree of abnormality. For this reason,

a rule to

extract candidate variables having high degrees of

abnormality is more preferable. For example, an

20 average value g and standard deviation o of the

contribution amounts are calculated. The rule is set

25

such that a variable whose distance from the average R
axceeds ko (for example, k = 3) is extracted as an
abnormality factor candidate. At this time, pn and o
can be either calculated for diagnostic target data at
the time of abnormality detection or calculated in

advance from contribution amcunt data for a



plant and creation of the template solely by using the table representing the presence/absence of the
relationship between the process variables. In addition, the table representing the presence/absence
50f the relationship between the process variables can also automatically be generated from a
correlation matrix or a principal component loading matrix, as described above. Hence, creating such a
message template allows to automatically provide countermeasure 10support information in an
abnormal state in accordance with the template. - THe abeve-described embodiment corresponds to
claim 7, which is an example of the function of the abnormality countermeasure support information
defining 15unit 56. Construction of the abnormality monitoring/diagnostic/countermeasure support
model by the abndrirRiif diaghostt FREEPEoNStrztGRUNRT BIRUS EofmpIStettn ae&8rdahce with
the above-described 20procedure. Next, the abnormality monitgrig%/gLa nfgticlggugtre{rnr%ggaure
support unit 7 receive the %noo%%sa?ifyn%bnlstblﬁﬁlg/ﬁ%g‘h%jéﬁg/%ounterrﬁaeg%sﬁr% support model

constructed by the ahnarmality diagngsticmadehgsconstruction unitds and performs-abnprmality
detection/factor variable estimation and provides countermeasure support information. - 52 -
some data is preferably performed because abnormality
5 detection always involves abnormal data. The rules may
be combined so as to select three variables at maximum
as factor candidates from variables having high degrees
of abnoymality. At any rate, extracting several
top-ranked abnormality factor candidates is the first
10 rule defined by the abnormality countermeasure support
information defining unit 6.

Next, a rule 1s set to classify the extracted
abnormality factor candidate variables into input
variables, output variables, and intermediate variables

15 shown in FIG. 6. For example, when the definition that
top-three variables are extracted by the first rule 1s
employed, the three variables are classified into input
variables, output variables, and intermediate variables
by making them correspond to the table of FIG. 6. This

20 can easily be implemented by simply applying an
abnormality factor candidate classification rule as
shown in FIG. 7, letting FX be abnormality factor
candidate variables (vectors), FU be an input wvariable
(vector) out of them, FZ be an intermediate variable

25 (vector), and FY be an output variable (vector).

In this case, [] represents an empty vector, and

[A B! represents a vector that connects a vector A and



First, the current (online) data extraction unit 71 extracts online data collected by the process
measurement data collection/storage unit 2 for the diagnosis target time (to be referred to as a current
5time or current hereinafter). The abnormality monitoring/diagnostic/countermeasure support unit 7
monitors the process state using the current data extracted by the current (online) data extraction unit
71, and if the state has changed, or an abnormality 10sign has been recognized, detects it. The
abnormality detection unit 72 extracts data at the curréerit time corresponding to the variables
registered by the process variable registration unit 3, and appropriately normalizes the data using the
average 15or variance of the variables. The abnormality detection unit 72 also removes outliers as
needed. The data%ré Stibstitutéd into X(t) of the Q statistic and Hotelling's T2 statistic defined by

equations (3) and (4), thereby, monitoring the Q staistic ot Hoteling's 20T2 stalisip a the gurrent ime.

The statistics change moment by moment as the fime elapses and may therefore be monitored in a

form like a time sefigs graph (trend graph). i theiQ statistic.er Hptedling's T2 statisticat the current
time has exceeded the 25threshold defined by equation (5) or (6), it is determined that the process

state has changedi Mhig-isvaréxarhple dlthefhrctiortofithe ebhbrmality detectidi - B3 unit 72.
5 intermediate variables FZ.

Next, a template to provide information for
countermeasure support is created using the input
variables FU, the output wvariables FY, and the
intermediate variables FZ. This is the third rule.

1.0 The point is to have a m@chanism'for.making the input
variables FU, the output variables FY, and the
intermediate variables FZ correspond to the correlation
matrix in FIG. 6 to ocutput a support message and, more
particularly, to incorpcrate a support message to

i5 advise the operator of a countermeasure to take. For
the cperator, information representing an operation
he/she should perform in an abnormal state and
information representing the state the performance
index of interest to the operator is 1in and in what

20 manner the index may change are important. Hence, for
example, an abrnormality countermeasure support message
generation rule template as shown in FIGS. 8 and 9 is
created.

Points of the message template are simple

25 classification of the process variables into the input
variables, output variabkles, and intermediate varliables

without needing special knowledge about the target



When the abnormality detection unit 72 has detected an abnormality in the process, the abnormality
factor variable separation unit 73 inputs the 5abnormality detection data at that time, that is, the Q
statistic and Hotelling's T2 statistic of equations (3) and (4) at that time, thereby calculating the
contribution amounts of equations (7) and (8). The process variables are ranked in descending order
of the 10contribution amount. This is an example of the function of the abnormality factor variable
separation unit 73. The function of the abnormality=detection unit 72 and that of the abnormality
factor variable separation 15unit 73 correspond to the function of MSPC using normal PCA itself.
Next, the abnormality countermeasure support information providing unit 74 provides countermeasure

support informatioRif ah abtormat &fate tising thesdata oo iHe FrotEss varabias tenketFby the
abnormalty factor vriable senaration wal 73 and e conntenpeasite sypnofmessage template in
1 . .

an abnormal state defined by the abnormality countermeasure support information defining unit 56.
25To obtain a distingt innage: ef.implementation; ifupetion: etgenerating @smessage will be described
with reference to FIG. 10 using a simple example. Referring - 59 - to FIG. 10, the process variable
correlation diagramdbf FIGo8 s simplifiddland ase foreasedfthe presence/absence

5 of the relationship between the process variables can
also automatically be generated from a correlation
matrix or a principal component lecading matrix, as
described above. Hence, creating such a message
template allows to automatically provide countermeasure

10 support information in an abnormal state in accordance
with the template.

The above-described embodiment corresponds to
claim 7, which is an example of the function of the
abnormality countermeasure support information defining

15 unit 56.

Construction of the abnormality
monitoring/diagnostic/countermeasure support model by
the abnormality diagnostic model construction unit 5 is
thus completed in accordance with the above-described

20 procedure. Next, the abnormality
monitoring/diagnostic/countermeasure support unit 7
receives the abnormality
monitoring/diagnostic/countermeasure support model
constructed by the abnormality diagnostic model

25 construction unit 5, and performs abnormality
detection/factor variable estimation and provides

countermeasure support information.



understanding. Assume that an effluent TP, an air quantity, and a 5dissolved oxygen concentration DO
are extracted as the top-ranked abnormality factor candidates FX. The effluent TP is classified as the
output variable FY. The air quantity is classified as the input variable FU. The dissolved oxygen
concentration DO is 10classified as the intermediate variable FZ. In this case, a countermeasure
support message as shown in FIG. 11 is generated using the countermeasure support message
template in an abnormal state defined by the abnormatity countermeasure support information defining
15unit 56. In this embodiment, the simplest case has been described in which the abnormality
factor candidate variables FX are classified as one ométgut variable FY, one intermediate variable FZ,

and one input variable 26FU 3and &6f theht Gre adsdtiated witht Sactv &thiet STn'ahy Sther case as well,
a support message-is gutomatically provided te the.user.such as.an Qﬁgr%%gigstge user interface unit

9 in accordance with the countermeasure support message template in an abnormal 25state defined
by the abnormalityrecuntesmeasura suppotintermation cefiningauniti5e. Thetfunctior of providing a
message is the function of an embodiment of - 55 - the abnormality countermeasure support
information providibigamie 74 ST e fiffietion Ofthe aBnéfmality ficiftdrirg/didgrostiefcotintermeasure

support unit 7 is thus completed, 5The yser to whom the abiormalty, counteypgasure

monitoring/diagnostic/countermeasure support unit 7
monitors the process state using the current data
extracted by the current (online) data extraction unit
71, and if the state has changed, or an abnormality

igQ sign has been recognized, detects it.

The abnormality detection unit 72 extracts data at
the current time corresponding to the varliables
registered by the process variable registration unit 3,
and appropriately normalizes the data using the average

15 or variance of the variables. The abnormality
detection unit 72 also removes ocutliers as needed. The
data are substituted into X(t) of the Q statistic and
Hotelling's TZ statistic defined by equations (3) and
(4), thereby monitoring the Q statistic or Hotelling's

20 T2 statistic at the current time. The statistics
change moment by moment as the time elapses and may
therefore be monitored in a form like a time series
graph (trend graph). If the Q statistic or Hotelling's
TZ statistic at the current time has exceeded the

25 threshold defined by equation (5} or (&), it is
determined that the process state has changed. This is

an example of the function of the abnormality detection



support information has been provided performs a certain operation based on the support information.
In this case, it is preferable to store a countermeasure record such as a user operation record. This is
the function of the abnormality countermeasure record holding unit 8. For example, when the user
adjusts the air quantity in accordance with the message, a record that the air auantity has been
adjusted is automatically stored. In addition, fields that enable 15the operator to input are provided on
the user interface unit 9 so as to record the manner inwhich-the air quantity has been adjusted, the
level of improvement recognized for the effluent TP, and problems (side effects) caused by the air
guantity 20adjustment. The abnormality countermeasure record holding unit 8 more preferably has a
function of recordifg the adjusted manipulated variable, the performance index for which the
countermeasure has be%htgrkier%,hand_ heo@%gﬁg%megte ig%rg_tfor \Avh{lc@it@eg;qgggtgrmeasure has
been taken and performing a search %yrt]he manlpLﬁated varlajb?e, the performance index, or the

management item, Marepraferablythe-abnormality, - 56 Gountermeasure regard felding wnit 8 has a
function of searching for an operator record by a keyword. This is an example of the function of an

embodiment of thee abhormality Cebntermensurecrecord holding3unitBuSWHerethis function is imparted,
the abnormality countermeasure support information providing unit 74 is preferahly capable of

performing an autBRARESeardhior g findion sHd displayity-a lidf6rpast fécords of a%cettain
manipulated variable, performange;index, 19qr. mapagement index More preferably, the abnormality

countermeasure support information providing unhit 74 can present, for example, a list of past
abnormality countermeasures for:the-effluent phospherus concentrationca tistsof past abnormality
contribution amounts of eguations {7) and (8). The
process variables are ranked in descending order of the
10 contribution amount. This is an example of the
function of the abnormality factor variable separation
unit 73.

The function of the abnormality detection unit 72

and that of the abnormality factor variable separation
15 unit 73 correspond to the function of MSPC using normal
PCA itselif.

Next, the abnormality countermeasure support
information providing unit 74 provides countermeasure
support information in an abnormal state using the data

20 of the process variables ranked by the abnormality
factor variable separation unit 73 and the
countermeasure support message template in an abnormal
state defined by the abnormality countermeasure support
information defining unit 56.

25 To obtain a distinct image of implementation, a
function of generating a message will be described with

reference to FIG. 10 using a simple example. Referring



15countermeasures in an abnormal state of air quantity, and a list of past abnormality
countermeasures in an abnormal state of the dissolved oxygen concentration DO. This is an example
of the function corresponding to claim B. The function of the abnormality
20monitoring/diagnostic/countermeasure support is thus completed. As described above,
according to this embodiment, the process monitoring/diagnostic/support apparatus comprises the
abnormality diagnostic model construction 25unit 5 and ¢he abnormality
monitoring/diagnostic/countermeasure support unit 7. This allows to provide countermeasure support
- 57 - information in an abnormal state regardless of the target process. More specifically, in the

conventional monitsting/diaghBstic R thdd TR aBRcrhidlihy sigh Sdetédtionartt faEter vatable
separation can be performed, In addition., when providing cpyptermeasyge support information, an

enormous amount of engineering is necessary. However, using the method of this embodiment makes
it possible to not oplyperforan 40abnormality detection and factor variable separation but also provide
countermeasure support information in an abnormal state almost mechanically without causing
engineering. That is, accérgingto thisaémbodirienty proce88ingan air guantity, and a

5 dissolved oxygen concentration DO are extracted as the
top-ranked abnormality factor candidates FX. The
effluent TP is classified as the ocutput variable FY.
The air quantity is classified as the input variable
FUU. The dissclved oxygen concentration DO 1is

10 classified as the intermediate variable FZ. In this
case, a countermeasure support message as shown in
FIG. 11 is generated using the countermeasure support
message template in an abnormal state defined by the
abnormality countermeasure support information defining
15 unit 56.

In this embodiment, the simplest case has been
described in which the abnormality factor candidate
variables FX are classified as one output variable FY,
one intermediate variable FZ, and one 1lnput variable

20 FU, and all of them are associated with each other. 1In
any other case as well, a support message 1is
automatically provided to the user such as an operator
via the user interface unit 9 in accordance with the
countermeasure support message template in an abnormal

25 state defined by the abnormality countermeasure support
information defining unit 56. The function of

providing a message is the function of an embodiment ot



150f only defining process variables to be input to the diagnostic system and mechanically (i.e.,
automatically without intervening engineering) performing data processing from only plant monitor data
collected by SCADA or the like without intervening engineering 20except for classifying the process
variables into input variables, output variables, and intermediate variables is performed. This allows to
provide countermeasure support information to a user such as a plant operator or plant manager in an
abnormal/unsteady state of a 25process regardless of the target process. In addition, providing the
process variable classification user interface unit 4 that displays the - 58 - names of n process
variables and selects input variables, output variables, and intermediate variables in the process

variable classificatiorfuriit 52 il acordancs With -5 G8&HoferatBh Yuring THE Hikpray Ballows the user
to easily execute processyvariable classification onthe GUL,., In addition,when angquation to

generate abnormality detection data is defined using at least one of PCA (Principal Component
Analysis), ELS 10(Rsejectien e Latent SiructurgPartiakkeast Sguarepport unit 7 is
thué completed.
5 The user to whom the abnormality countermeasure
support information has been provided performs a

certain operation based on the support information. In

this case, 1t is preferable to store a countermesasure

record such as a user operation record. This is the
10 function of the abnormality countermeasure record
holding unit 8. For example, when the user adjusts the

air guantity in accordance with the message, a record
that the air guantity has been adjusted is
automatically stored. In addition, fields that enable

15 the operator to input are provided on the user
interface unit 9 so as o record the manner in which
the air guantity has been adjusted, the level of
improvement recognized for the effluent TP, and
problems (side effects) caused by the alr guantity

20 adjustment. The abnormality countermeasure record
holding unit 8 more preferably has a function of
recording the adjusted manipulated variable, the
performance index for which the countermeasure has been
taken, and the management item for which the

25 countermeasure has been taken and performing a search
by the manipulated variable, the performance index, or

the management item. More preferably, the abnormality



PCR (Principal Component Regression), CVA (Canonical Variate Analysis), Mahalanobis distance,
robust PCA, kernel PCA, discriminant analysis, fuzzy C-means clustering, K-means clustering, SVM
(Support Vector 15Machine), RVM (Relevance Vector Machine), and the subspace method, the
abnormality diagnostic model construction unit 54 can systematically provide the above-described
effect of providing countermeasure support information in an unsteady state regardless of 20the target
process using the existing multivariate statistical analysis ormachine learning technique. It is also
possible to provide, to the operator or manager, detailed countermeasure support information
representing a countermeasure to be taken in an 25unsteady/abnormal state of a process based on

MSPC, which is a STaHSHEAFEDT HhEthbaTRgirng rio Kfoviedbe TondSming tHetarGét ptbeess. - 59 -
In addition, when [a] the ganfribution grmoé?é Qgttgc?rp@g?g%faﬁ@lg Kk by p)Of interest out of the n
: « i )

process variables Is 3e‘f|nedngy projecting from abnormality detection data defined by the 5Sabnormality

detection data defiging.unit 5440 @rspace spanneddhy the processvariable k, {f abnermality detection
data is decomposed to the sum of n components, and the contribution amount is defined as the kth

component affectetbomybylthée processheariabie 10k, oreptieé contrdutibriambuit is defined using

5 When this function is imparted, the abnormality
countermeasure support information providing unit 74 is
preferably capable of performing an automatic search
for this function and displaying a list of past records
of a certain manipulated variable, performance index,

10 or management index. More preferably, the abnormality
countermeasure support information providing unit 74
can present, for example, a list of past abnormality
countermeasures for the effluent phosphorus
concentration, a list of past abnormality

15 countermeasures in an abnormal state of air guantity,
and a list of past abnormality countermeasures in an
abnormal state of the dissolved oxygen concentration
DO. This is an example of the function corresponding
to claim 8. The function of the abnormality

20 monitoring/diagnostic/countermeasure support 1s thus
complieted.

As described above, according to this embodiment,
the process monitoring/diagnostic/support apparatus
comprises the abnormality diagnostic model construction

25 unit 5 and the abnormality
monitoring/diagnostic/countermeasure support unit 7.

This allows to provide countermeasure support



independent component analysis, the abnormality detection data contribution amount defining unit 55
can further systematically provide the above-described effect of providing countermeasure support
information 15in an unsteady state regardless of the target process. When defining correlation
information based on the correlation matrix or principal component loading matrix of the time series
data of the n process variables for a predetermined period, the process 20variable correlation defining
unit 53 can easily define the presence/absence or-strehgth of the relationship between the process
variables mechanically and systematically from data. Many of the methods such as multivariate
statistical analysis of the abnormality 25detection data defining unit 54 perform an operation of
creating a variancélebvafance matrix 8FpAREIBANcOMPGTErTt I6adRg %Eﬁtﬁi viHen“Ereating
abnormality - 60 - detectl[on data. It is therefore possible to mechanically define the relationship
between the proces%rv%?iab%éos%efes@ by slight correction at the time of diagnostic model construction.

SThe process variable cogiglationdefining unit 53 has, agcorelation-iniaramation, a table in n rows x n
columns representing the presence/absence or strength of the correlation between the n process

variables. The processivariable ¢driretationtdefinieg: interfacen10unité canaisplay theitable of the
correlation information and easily correct the contents of the table in accordance with a user operation.

Examplesf a caseSin$itiety the BontbRts 6F théaabiears tgPerration can obe

performed. In addition, when providing countermeasure
support information, an enormous amount of engineering
is necessary. However, using the method of this
embodiment makes it possible to not only perform

14 abnormality detection and factor variable separation
but also provide countermeasure support information in
an abnormal state almost mechanically without causing
engineering.

That is, according to this embodiment, processing

b of only defining process variables to be input to the
diagnostic system and mechanically (i.e., automatically
without intervening engineering) performing data
processing from only plant monitor data cocllected by
SCADA or the like without intervening engineering

20 except for classifying the process variables into input
variables, output variables, and intermediate variables
is performed. This allows to provide countermeasure
support information to a user such as a plant operator
or plant manager in an abnormal/unsteady state of a

25 process regardless of the target process.

In addition, providing the process variable

classification user interface unit 4 that displays the



corrected are a case in which the above-described 15effect of the process
monitoring/diagnostic/support apparatus constructed by data driven is not satisfactory for the user
such as a plant manager or operator and a case in which the user wants to perform correction.
20When the second to sixth rules are defined in the abnormality countermeasure support information
defining unit 56, support information representing the manipulated variable to be confirmed and
adjusted by the user in an abnormal state can be giveit@és a-more 25detailed form of the
above-described effect. In addition, information representing process monitor data readily affected by
the manipulated variable (for - 61 - example, how a performance index such as a discharged water

quality will change i thé féithrd) &P Povidéd 18 tetuerwiserftheSaprbithality countermeasure
record holding Sunit 8 i%BﬁOVidedéﬁr%%Ejaa@é?Pﬂ%@g manager ¢an Lefer 1q the countermeasures taken

in past similar eve%?srupon %gi’ng provided with support information and easily take a detailed

countermeasure. sArrapgementefQther:Embodiments> 16kEagh pfirlGSi 12513,1and 14 shows an
example of a system arrangement that implements a monitoring system for a sewage complete

treatment processzkshown in-E|GiL descrilbed irrthefirstambodifier Vid g cohffibaication path, for

example, a public line such as , :
5 allows the user to easily execute process variable

classification on the GUI.

In addition, when an equaticn to generate
abnormality detection data is defined using at least
one cof PCA (Principal Component Analysis), PLS

10 (Projection to Latent Structure/Partial Least Square},
PCR {Principal Component Regression), CVA (Canonical
Variate Analysis), Mahalanobis distance, robust PCA,
kernel.PCA, discriminant analysis, fuzzy C-means
clustering, K-means clustering, SVM (Support Vector

15 Machine), RVM (Relevance Vector Machine), and the
subspace method, the abnormality diagnostic model
construction unit 54 can systematically provide the
above-described effect of providing countermsasure
support information in an unsteady state regardless of

20 the target process using the existing multivariate
statistical analysis or machine learning technique. It
is also possible to provide, to the operator or
manager, detailed countermeasure support information
representing a countermeasure to be taken in an

25 unsteady/abnormal state of a process based on MSPC,
which is a statistical FDI method requiring no

knowledge concerning the target process.



15the Internet or a telephone network or a dedicated line. The communication path is wired or
wireless, and is assumed to be mainly implemented by a wireless network in this example. The
constituent elements of the arrangements according to the embodiments shown in 20FIGS. 12, 13,
and 14 are almost the same as those of the arrangement shown in FIG. 1 except that the functions are
divided via the communication path. Accordingly, each of the arrangements shown in FIGS. 13 and 14
further includes a remote-monitoring operation 25termirfal 16. In the arrangement shown in FIG.
12, collection of data measured by the sewage complete treatment process - 62 - 1 and the
operations of the manipulated variables by various kinds of actuators 111 to 115 of the sewage

complete treatment procéss Fafe exéluteli i the! fréatniént prant: thidr fancfi8ie Bre Executed via
the SCommunicati%rPl gathrg)é acenter apaoﬂafgtq? ]111(th7§1t exists in a plarge physically spaced apart. That
: ! ;

is, the arrangement Shown in Iisl%.‘i%rfhr er comprises the cénter apparatus 11 connected to a
process measurerpgnt data:ceolleetion/stesage unit 2ara d0a wirecker wireless communication path.

Units 3, 4, 5,
from abnormality detection data defined by the
5 abnormality detection data defining unit 54 to a space
spanned by the process variable k, [b] abnormality
detection data 1s decomposed to the sum of n
components, and the contribution amount is defined as
the kth component affected only by the process variable
10 ¥, or [c] the contribution amcunt is defined using
independent component analysis, the abnormality
detection data contribution amount defining unit 55 can
further systematically provide the above-described
effect of providing countermeasure support information
15 in an unsteady state regardless of LChe target process.
When defining correlation information based on the
correlation matrix or principal component loading
matrix of the time series data of the n process
variables for a predetermined period, the process
20 variable correlation defining unit 53 can easily define
the presence/absence or strength of the relationship
between the process variables mechanically and
systematically from data. Many of the methods such as
multivariate statistical analysis of the abnormality
25 detection data defining unit 54 perform an operation of
creating a variance-covariance matrix or principal

component loading matrix when creating abnormality



6, 7, and 9 are implemented in the center apparatus 11. The center apparatus 11 collects, via the
communication path, the time series data of n process variables stored in the process measurement
data 15collection/storage unit 2, and presents the time series data to the user. When operating an
input variable U in accordance with a user operation, the operation signal of the input variable U is
transmitted to the sewage complete treatment process 1 via the 20communication path. The
arrangement shown in FIG. 13 includes a remote-monftoring operation terminal 10 that receives
countermeasure support information in an abnormal state via a communication path and transmits a
result of 25determination based on the information to a sewage complete treatment process 1 via the
communication pat Bgaint enlike £fG. 12.5A plurali§ ot o63 - PéMsteAfonitdring operation terminals

10 can exist. A plurality of plant managers or operators \ﬁfho operate.and manage the sewage
i hy SN o] M .
complete treatmeﬁ?epcr%ggs%: ip%:%ix have the té;r'?r%ngfs.ﬁﬁ at |s,r1thEe arergar‘fgeerﬁlent shown in FIG. 13

further comprises the,rematesmenitering:opergtion terminal 10 connectedteo an abnormality
countermeasure support information providing unit 74 and the sewage complete treatment process 1

via a wired or wiretesse1 @cbnamapication patinFhe monitoring operation terminal 10 presents, to the
user, countermeasure suq&gort information provided from the abnormality countermeasure support

informatioft providing unit 74 viRIthe CommaRicaion path. Whah bperatfng ar ihut15variable U in

accordance with ah%sse,r Ofser%%%éqeation information, a table in n rows x n

columns representing the presence/absence or strength
of the correlation between the n process varliables.
The process variable correlation defining interface

10 unit 6 can display the table of the correlation
information and easily correct the contents of the
table in accordance with a user operation. Examples of
a case in which the contents of the table are Lo be
corrected are a case in which the above-described

15 effect of the process monitoring/diagnostic/support
apparatus constructed by data driven is not
satisfacteory for the user such as a plant manager oY
cverator and a case in which the user wants to perform
correction.

20 When the second to sixth rules are defined in the
abnormality countermeasure support information defining
unit 56, support information representing the
manipulated variable to be confirmed and adjusted by
the user in an abnormal state can be given as a nore

25 detailed form of the above-described effect. In
addition, information representing process monitor data

readily affected by the manipulated variable (for



operation signal of the input variable U is transmitted to the sewage complete treatment process 1 via
the communication path. The arrangement shown in FIG. 14 is a 20sophisticated combination of the
arrangements shown in FIGS. 12 and 13. In a sewage complete treatment process 1, data collection
and manipulated variable operations are done. A center apparatus 11 performs diagnosis via the
communication path. The center 25apparatus 11 performs diagnosis for a plurality of treatment
processes. The arrangement shown in FIG. 14 further ¢omprises a remote-monitoring operation - 64 -
terminal 10 so that countermeasure support information diagnosed by the center apparatus 11 can be
transmitted to the remote-monitorinr% operation terminal 10 via the %orgmugi%ltisogkpath,e%nd an

operation commarid-fora Stredfibrit prodesdCan be seht frdmThe temoté monitoring operation
terminal 10 via the communicatiop.path again, ., , ; I ha is, in.the arrangement shown in FIG. 14, when

there are w (w = 1,w) sewage complete treatment 10processes 1, w process measurement data
collection/storage pnits 2-are provided. Tlke w. process measurement data collection/storage units 2
are individually arranged in the w sewage complete treatment processes 1. The arrangement further
15comprises the center apparatbisa 120t foveadipntermeasure record holding

5 unit 8 is provided, the plant operator/manager can
refer to the countermeasures taken in past similar
avents upcon being provided with support information and
casily take a detailled countermeasure.

<Arrangement of Other Embodiments>

[
[oe}

Fach of FIGS. 12, 13, and 14 shows an example of a
system arrangement that implements a monitoring system
for a sewage complete treatment process 1 shown in
FIG. 1 described in the first embodiment via a
communication path, for example, a public line such as
15 the Internet or a telephone network or a dedicated
line. The communication path is wired or wireless, and
is assumed to be mainly implemented by a wireless
network in this example. The constituent elements of
the arrangements according to the embodiments shown in

20 FIGS. 12, 13, and 14 are almost the same as these of
the arrangement shown in FIG. 1 except that the
functions are divided via the communication path.
Accordingly, each of the arrangements shown in FIGS. 13
and 14 further includes a remote-monitoring operation

25 terminal 10.

In the arrangement shown in FIG. 12, collection of

data measured by the sewage complete treatment process



process measurement data collection/storage unit 2 via a wired or wireless communication path, and
W or more remote-monitoring operation terminals 10 individually connected to an abnormality
countermeasure support 20information providing unit 74 and each sewage complete treatment
process 1 via a wired or wireless communication path. The center apparatus 11 collects, via the
communication path, the time series data of n process variables stored in each process measurement
25data collection/storage unit 2 and presents the time Séries data to a first user (the user of the center
apparatus 11). When operating an input variable U in - 65 - accordance with the operation of the first
user, the center apparatus 11 transmits the operation signal of an input variable U to the sewage

complete treatment processE vidthedorimtiniatibh patit Bath-reridte i bnitotiy opération terminal
10 presents, to a second user, grr;gsusgf 051:\L the %etr%%tﬁ m @itq@gl%ergyo%%myg%]g@,
rom t '

countermeasure sﬁgﬁ&r?}lnsformatlon provi ed’ e abnormality countermeasure Support
information providingit-1074 viadthe communication path- Whes eperatingrthetiaput variable U in
accordance with the operation of the second user, each remote-monitoring operation terminal 10
transmits the operatiore Sigaat obtherihput virlable Otocthé Sewageccomiplets frdatmentPrbcess 151
via the communication path.  The functions of the other embodiments hzvin the aboveﬁ-g}iescribed

arrangements will BEUBLEr6ES hakt. P2 TGt tiiat tHE basic iReficHs 6F the othér embodiments are
the same as those,qf the 5i£§@eo%ﬂg%qg§pi,ﬁ%gigg§q§ngqns will mainly be explained.

That is, the arrangement shown in FIG. 12 further
comprises the center apparatus 11 connected to a
process measurement data collection/storage unit 2 via

10 2 wired or wireless communication path. Units 3, 4, 5,
6, 7, and ¢ are implemented in the center apparatus 11l.
The center apparatus 11 collects, via the communication
path, the time series data of n process variables
stored in the process measurement data

15 collection/storage unit 2, and presents the time series
data to the user. When operating an input variable U
in accordance with a user operation, the operation
signal of the input variable U 1s transmitted to the
sewage complete treatment process 1 via the

20 communication path.

The arrangement shown in FIG. 13 includes a
remote-monitoring operation terminal 10 that receives
countermeasure support information in an abnormal state
via a communication path and transmits a result of

25 determination based on the information to.a sawage
complete treatment process 1 via the communication paih

again, unlike FIG. 12. A plurality of



The function of the embodiment having the arrangement shown in FIG. 12 will be described first. In the
center apparatus 11, the process variable 25registration unit 3 registers process variables necessary
for constructing an abnormality diagnostic model, and the registration information is sent to the - 66 -
treatment plant. in the treatment plant, the information of the registered process variables is held so as
to be referred to as needed. A past (offline) data extraction unit 52 of the abnormality diagnostic
5model construction unit 5 and a current (online) data extraction unit 71 of the abnormality
monitoring/diagnostic/countermeasure support unit 7 are provided while accompanying the process
measurement data collection/storage unit 2 on the side of the,lOsewalgOe complete trgatm%nt process

1. An abnormdiffdiagnbehic hModetfs Catstrictet nést, ThBtinte serics data of registéred
variables for a predetermined pegriod extracied, by the past (offling) data, exfractionynit a2 is

transmitted to the center 15apparatus 11 via the communication path. The center apparatus 11
constructs the abnosmalitrdiagnestic modelin acsordance with thenprocedureindicated by the
function of the first embodiment. The abnormality 20monitoring/diagnostic/countermeasure support
unit 7 performs didgriosis-&tca Bfaghosiic fime (to be referred

5 That is, the arrangement shown in FIG. 13 further
comprises the remote-monitoring operation terminal 10
connected to an abnormality countermeasure support
information providing unit 74 and the sewage complete
treatment process 1 via a wired or wireless

10 communication path. The monitoring operation terminal
10 presents, to the user, countermeasure support
information provided from the abnormality
countermeasure support information providing unit
74 via the communication path. When operating an input

15 variable U in accordance with a user operation, the
operation signal of the input variable U is transmitted
to the sewage complete treatment process 1 via Lhe
communication path.

The arrangement shown in FIG. 14 1is a

20 sophisticated combination of the arrangements shown in
FIGS. 12 and 13. In a sewage complete treatment
process 1, data collection and manipulated variable
operations are done. A center apparatus 11 performs
diagnesis via the communication path. The center

25 apparatus 11 performs diagnosis for a plurality of
treatment processes. The arrangement shown in FIG. 14

further comprises a remote-monitoring operation



to as "current" hereinafter). First, the current (online) data extraction unit 71 in the treatment plant
extracts the current data of the registered variables. 25 The data are sent to the center apparatus 11
via the communication path. The center apparatus 11 performs abnormality detection, factor
separation, and support - 67 - information generation in accordance with the procedure indicated by
the function of the first embodiment. The generated information is presented to the user such as the
operator via the user interface unit 9. 5The operater canffirms the performance index or control value of
the target process based on the countermeasure support information. If a manipulated variable needs
to be changed, the operator determines the manipulated variable change command and sends the

10information to tHe*$8\Wwage compléte thedtmeRt prstags vitite ColRRtihfcatibhPdli. =N the
sewage complte reaiment pocess 1, he mapipuaied vatiables are changed ayfomatically o
eive ormation. ' [

manually based on the’ récenved command informa the freatment plant is unattended, the

manipulated variablesare chapged aytomatically,Fera manned treatment plant, after thiesoperator in
the treatment plant confirms the command information, the manipulated variables are changed

manually or automatically: 20Note thatthe centel apparattisdiliigrassomed o bed computer arranged
in a monitoring room installed in a place physically spaced apart from the treatment plant. However,

the centeﬁappara_t%é?[aitfﬁ%wbgpé Hiobite teRTinaF sdéh s B é8fiutatphone or a portable PC as 25long
asIthaSthefunc“?@%é%gﬁﬁg%%%%E%gém%%gration terminal 10 via the

communication path again.
That is, in the arrangement shown in FIG. 14, when

there are w (w =1, 2,..., w) sewage complete treatment

10 processes 1, w process measurement data
collection/storage units 2 are provided. The w process
measurement data cocllection/storage units 2 are
individually arranged in the w sewage complete
treatment processes 1. The arrangement further

15 comprises the center apparatus 11 connected to each
process measurement data collection/storage unit 2 via
a wired or wireless communication path, and w or mcre
remcte-monitoring operation terminals 10 individually
connected to an abnormality countermeasure support

26 information providing unit 74 and each sewage complete
treatment process 1 via a wired or wireless
communication path. The center apparatus 11 colliects,
via the communication path, the time series data of n
process variables stored in each preocess measurement

25 data collection/storage unit 2 and presents the time
series data to a first user (the user of the center

apparatus 11). #When operating an input variable U in



This is the function of the embodiment having the arrangement shown in FIG. 12. - 68 - The function
of the embodiment having the arrangement shown in FIG. 13 will be described next. First, in the
treatment plant with the sewage complete treatment process 1, an abnormality diagnostic 5model is
constructed in accordance with the procedure indicated by the function of the first embodiment. Next,
abnormality detection, factor separation, and support information generation are performed similarly in
the treatment plant with the sewage complete 10treatnéent process in accordance with the procedure
indicated by the function of the first embodiment. Up to this point, the function is the same as that of

the first embodiment. Then, only the generated countermeasure supgort 15information is transmitted
to the remote-moritefiRg Gpefation terminist 10%7e1d by the Plant Spetratd? br iidhager Via the

communication path, ALthis time, sachofa pluyally. of opergfors prmapagers.may avedne
remote-monitor g Gperation términal 10. Ii this'case, 20the countérmeasure support information is

provided to the remgqtermonitorng openation tepminals 1Q.bylroadeastete treatment
process 1 via the communication path. Each
5 remote-monitoring operation terminal 10 presents, to a
second user {the user of the remote-monitoring
operation terminal 10), countermeasure support
information provided from the abnormality
countermeasure support information providing unit
10 74 via the communicaticon path. When operating the
input variable U in accordance with the operation of
the second user, each remote-monitoring operation
terminal 10 transmits the operation signal of the input
variable U to the sewage complete treatment process
15 1 via the communication path.
The functions of the other embodiments having the
above-described arrangements will be described next.
Note that the basic functions of the cther
embodiments are the same as those of the first
20 embodiment, and different portions will mainly be
expléined.
The function of the embodiment having the
arrangement shown in FIG. 12 will be described first.
In the center apparatus 11, the process variable
25 registration unit 3 registers process variables
necessary for constructing an abnormality diagnostic

model, and the registration information is sent to the



The remote-monitoring operation terminal 10 presents the received countermeasure support
25information to the operator or plant manager. The operator or plant manager determines the
presence/absence of necessity of a manipulated variable - 69 - change based on the countermeasure
support information. If a change is necessary, the operator or plant manager determines the
manipulated variable change command and operates the remote-monitoring operation terminal 10.
5The remote -monitoring operation terminal 10 transm#S the change command information to the
sewage complete treatment process 1 via the communication path in accordance with the operation of
the operator or plant manager. If a plurality of persons hold the 10remote-m?nitoring operation

terminals 10, priority Gti&& or efmaniputated Variabfe&SHimand ate prefetably set to define a
terminal whose comrpand is prefereptially, executed. In.this methad, since;oply the cqupieimeasure

support information Is received, the 15performance index or control value of the target process cannot
be confirmed. For ¢hisaeasen rthe metheod prefesally haseadfunction of:eausing ftié bperator to request
the treatment plant to transmit a performance index or control value to be confirmed via 20the
remote-monitoring'@perativh Xereiinal10:6aly Uporirreceiing EourtBrmeasurd stpportinformation.
Finally, in the s,ewa%1 omplete treatment proc,e5551, atpl% mam%ulated va&)an €s, gr)e %t;&naged

ec
automatically or mantally bas&d bithe Pecellled command information.

extraction unit 71 of the abnormality
monitoring/diagnostic/countermeasure support unit 7 are
provided while accompanving the process measurement
data collection/storage unit 2 on the side of the

10 sewage complete treatment process 1.

An abnormality diagnostic model 1s constructed

next. The time series data of registered variables for
a predetermined period extracted by the past (offiine)
data extraction unit 52 1is transmitted to the center

15 apparatus 11 via the communication path. The center
apparatus 11 constructs the abnormality diagnostic
model in accordance with the procedure indicated by the
function of the first embodiment.

The abnormality

20 monitoring/diagnostic/countermeasure support unit 7
performs diagnosis at a diagnostic time (to be referred
to as "current' hereinafter). First, the current
(online)} data extraction unit 71 in the treatment plant
extracts the current data of the registered variables.

Z5h The data are sent to the center apparatus 11 via the
communication path. The center apparatus 11 performs

abnormality detection, factor separation, and support



25If the treatment plant is unattended, the manipulated variables are changed automatically. For a
manned treatment plant, after the operator in the treatment - 70 - plant confirms the command
information, the manipulated variables are changed manually or automatically. Note that in this
embodiment, the remote-monitoring operation terminal 10 is mainly 5assumed to be a mobile terminal
such as a cellular phone or a portable PC. However, the remote-monitoring operation terminal 10 may
be a fixed terminal existing in a center such as a monifofingroom that has the above-described
mechanism and exists in a place 10physically spaced apart. The substantial difference between the
embodiment shown in FIG. 13 and that shown in FIG. 12 is in the manner the functions are allocated.

This is the function Bf fH& @MbBRiREA g the Ts & FagetReMSHEWH in B 1 THéFRction of
the embodiment haying the agrangement shown,in FIG. 14,will be descifed pext, . The

generated information is presented to the user such as
the operator via the user interface unit 9.

5 The operator confirms the performance index or
control value of the target process based on the
countermeasure support information. If a manipulated
variable needs to be changed, the operator determines
the manipulated variable change command and sends the

10 information to the sewage complete treatment process
via the communication path.

Tn the sewage complete treatment process 1, the
manipulated variables are changed automatically or
manually based on the received command information. TE

15 the treatment plant is unattended, the manipulated
variables are changed automatically. For a manned
treatment plant, after the operator in the treatment
plant confirms the command information, the manipulated
variables are changed manually or automatically.

20 Note that the center apparatus 11 is assumed to be
a computer arranged in a monitoring rcom installed in a
place physically spaced apart from the treatment plant.
However, The center apparatus 11 may be a mobile
terminal such as a cellular phone or a portable PC as

25 long as it has the functions of the units 3 to 7 and 9.

This is the function of the embodiment having the

arrangement shown in FIG. 12.



In the center apparatus 11, a process variable registration unit 3 registers process variables
20necessary for constructing an abnormality diagnostic model, and the registration information is sent
to the treatment plant. There exist a plurality of treatment plants, unlike the embodiment shown in FIG.
12. The center apparatus 11 monitors the plurality of treatment 25 plants from the remote site in a
collective manner. Hence, the process variables are registered as many times as the number of
treatment plants. At this time, - 71- the process variabtes may be defined for each treatment plant,
and common process variables may be registered. In each treatment plant, the information of the
registered process variables is held so as to be 5referred to as needed. A past (offline) data extraction
unit 52 of an abnormality Bidgrostie edel thnsiactisrPGRit Behd & élrveft (oifine) data extraction
unit 71 of an abnoggglétx ngonit()tringé%iagnosticéggunt%r easure.,suppart un 7c?re 10provided while

. rr qnmen S % %n 3 ,. escggbe. he .
accompanying a process-measurement data collection/storage unit 2 on the side of the sewage

complete treatment process.;-An alnenmality diagnestic model is.ganstructed;pexigdhe time series
data of registered variables for 15a predetermined period extracted by the past (offline) data extraction

unit 52 is transmittedrfrom each treatment plant teethe dentemapparatus=11 via théccomminication
path. The center apparatus 11 constructs the abnormality diagnostic model for each treatment

5 model 1s constructed in accecrdance with the procedure
indicated by the function of the first embodiment.
Next, abnormality detection, factor separation, and
suppoert information generation are performed similarly
in the treatment plant with the sewage complete

10 treatment process in accordance with the procedure
indicated by the function of the first embodiment. Up
to this point, the function is the same as that of the
first embodiment.

Then, only the generated ccuntermeasure suppocrt

15 information is transmitted to the remote-monitoring
operation terminal 10 held by the plant copesrator or
manager via the communication path. At this time, each
of a plurality of operators or managers may have the
remote-monitoring operation terminal 10. 1In this case,

20 the countermeasure support information is provided to
the remote-monitoring operation terminals 10 by
breadcast.

The remote-monitoring operation terminal 10

presents the recelved countermeasure support

25 information to the operator or plant manager. The
operator or plant manager determines the

presence/absence of necessity of a manipulated variable



20plant in accordance with the procedure indicated by the function of the first embodiment. The
abnormality monitoring/diagnostic/countermeasure support unit 7 performs diagnosis at a diagnostic
time (to be referred 25to as "current” hereinafter). First, the current (online) data extraction unit 71 in
each treatment plant extracts the current data of the registered - 72 - variables. The data are sent to
the center apparatus 11 via the communication path. The center apparatus 11 performs abnormality
detection, factor separation, and support information géferation in accordance with the Sprocedure
indicated by the function of the first embodiment. At this time, the abnormality diagnostic model to be
referred to needs to be switched between the treatment plants. The detection, diagnostic, and

countermeasure sGPAGIE BpEfatihsEan-bé ifiplerentad a8 10ona dgsHthn: exeLPttor Giagnostic

model switching. | f%h%%%%%%teﬁ@eﬁa%@s%mﬁ informatiop js gengrated the generated

information is presented to the user such as the operator via a user interface unit 9. At this time, an

operator or manages wWherisria @ 15place gther than thesmonitoriag reemqyehererthe centet@pparatus
11 is arranged may have the remote-monitoring operation terminal 10. In this case, the

countermeasure sapport irfermatiort isval§e transitiad tortheslant-operatct Br - Hadaget having the
20remote-monitoring operation terminal 10, via the communication path EﬁSh of aYEIuraéi'éy of

operators ‘O managers v thie reRioteoHitorng oReration trinal 10- Ti this ¢

IS case, the
CounmwmeagﬂeSQBEp%hange command information to the sewage complete

treatment process 1 via the communication path in
accordance with the operation of the operator or plant
manager. 1f a plurality of persons hold the
10 remote-monitoring operation terminals 10, priority
orders for the manipulated variable command are
preferably set to define a terminal whose command 1s
preferentially executed. In this method, since only
the countermeasure support information is received, the
15 performance index or control value of the target
process cannot be confirmed. For this reason, the
method preferably has a function of causing the
operator to request the Treatment plant to transmit a
performance index or control value to be confirmed via
20 the remote-monitoring operation terminal 10 only upon
receiving countermeasure support information.
Finally, in the sewage complete treatment process
1, the manipulated variables are changed automatically
or manually based on the received command information.
25 If the treatment plant is unattended, the manipulated
variables are changed automatically. For a manned

treatment plant, after the operator in the treatment



information is provided to the remote-monitoring 250peration terminals 10 by broadcast. The operator
confirms the performance index or control value of the target process based on the - 73 -
countermeasure support information presented by the remote-monitoring operation terminal 10. At the
same time, if the manipulated variables need to be changed, the operator determines the manipulated
variable change 5command and operates the remote-monitoring operation terminal 10. The
remote-monitoring operation terminal 10 transmitsthe thange command information to the sewage
complete treatment process 1 via the communication path in accordance with the operation of 10the
operator. If there is an operator or manager who holds the remote.-monitoaing ogeg%ti% tFehrminaI 10,

priority orders for FrefRhniptistedVariabie CSHRARG ard préferaniy set 1o defile ohe of =

e center

apparatus 11 and {he temote:monitoring operation 1atermingl 10, whese cammand is preferentially

executed. If a plurality of persons hold the remote-monitoring operation terminals 10, priority orders for
the manipulated variable command are preferably:settoidefine,a terminal whose command is
preferentially 20executed. Finally, in the sewage complete treatment process 1, the manipulated
variables are changetcaoffatiEaly: dFmarmaly baséd bf thé fédeivéd eSmAtanttinformation. If the

treatmentglant IS gg%%%%ddedﬁéh%én%nl%%lggelde rerminal such as a ceilular

phone or a portable PC. However, the remote-monitoring
operation terminal 10 may be a fixed terminal existing
in a center such as a monitoring room that has the

above~described mechanism and exists in a piace

fod
<

physically spaced apart. The substantial difference
petween the embodiment shown in FIG. 13 and that shown
in FIG. 12 is in the manner the functions are
allocated.
This is the function of the embodiment having the
15 arrangement shown in FIG. 13.
The function of the embodiment having the
arrangement shown in FIG. 14 will be described next.
In the center apparatus 11, a process variable
registration unit 3 registers process variables
20 necessary for constructing an abnormality diagnostic
model, and the registration information is sent to the
treatment plant. There exist a plurality of treatment
olants, unlike the embodiment shown in FIG. 12. The
center apparatus 11 monitors the plurality of treatment
25 plants from the remote site in a collective manner.
Hence, the process variables are registered as many

times as the number of treatment plants. At this time,



25variables are changed automatically. For a manned treatment plant, after the operator in the
treatment plant confirms the command information, the manipulated - 74 - variables are changed
manually or automatically. This is the function of the embodiment having the arrangement shown
in FIG. 14. The effects of the embodiments having the 5arrangement shown in FIGS. 12, 13, and 14
are as follows. According to the arrangement shown in FIG. 12, the same effects as in the first
embodiments can be obtained even when the sewage tteatment plant and the 10plant operator or
plant manager who operates and manages the sewage treatment plant exist in places physically
spaced apart from each other. According to the arran%%ment shown in FI% 13, since it js oriented

to reduce the calclifafioR 1646 158He 6Enter sitfeYin‘the HiecHanism OF FIG 12, dveh-a sini

an
, even-a simple

portable terminal which,cannphhandle 4 hegvycalculation lgad.can,comguinicate dnfoyrmation in an
abnormal state, which is critical in process monitoring, and execute a countermeasure against it
20from a remote site, kradditior:to theneffectaof theche information of the
registered process variables is held so as to be
5 referred to as needed. A past (offline) data
extraction unit 52 of an abnormality diagnostic model
construction unit % and a current (online) data
extraction unit 71 of an abnormality
monitoring/diagnostic/countermeasure support unit 7 are
10 provided while accompanying a process measurement data
collection/storage unit 2 on the side of the sewage
complete treatment process 1.

An abnormality diagnostic model is constructed

next. The time series data of registered variables for

15 a predetermined period extracted by the past (offline)
data extraction unit 52 is transmitted from each
treatment plant to the center apparatus 11 via the
communication path. The center apparatus 11 constructs
the abnormality diagnostic model for each treatment

20 olant in accordance with the procedure indicated by the
function of the first embodiment.

The abnormaliity
monitoring/diagnostic/countermeasure support unit 7
performs diagnosis at a diagnostic time (to be referred

25 to as "current" hereinafter). First, the current
fonline) data extraction unit 71 in each treatment

plant extracts the current data of the registered



first embodiment. Since the communication path is used only in an abnormal state, the load on the
communication path can also be reduced simultaneously. This contributes to avoiding traffic
congestion on the 25communication path. Additionally, even in the case of traffic congestion,
communication of important information (information in an abnormal state) can - 75 - easily be
ensured. More specifically, according to the arrangement shown in FIG. 13, even when the plant
operator or plant manager is physically spaced apart fiam the target plant, and traffic congestion on
the communication path is expected, an important abnormality that has occurred in the target process
can be detected, and a countermeasure against it can be taken (however, monitoring the time series
data of all process7t0vatiables: underiméasarenienti§ abandorietbas &'testlt )2 Aeedrding to the

arrangement shown in FIG. 14, since it is,oriented to g%rther d%ige (t:he Lunéztigns E(l);g%e arr%‘urgements
in FIGS. 12 and 13 antiofitor & plilFality ‘of treatmBAt plants i a Sollective fhanner, Lsthe functions

and effects of the ficst embadiment.can be provided as:a remete servicedgloudservicelng Thatis,
according to the arrangement shown in FIG. 14, the center apparatus 11 arranged in one or a few

monitoring rooms sapexecuter20monitaring/diagrosisisupport of plants imagpluratity offplaces, and the
effects of the first embodiment can be implemented as a cloud service. Even when the plant operator

or plant manager RIsHya-EaNG shacedapar fiom e targethiant anbl mbRitdringiliagnosis/support

embodiment. At this time, the abnormality diagnostic
model to be referred to needs to be switched between
the treatment plants. The detection, diagnostic, and
countermeasure support operations can be implemented as

10 one algorithm, except for diagnostic model switching.

When countermeasure support information 1is

generated, the generated information 1s presented to
the user such as the operator via a user interface unit
9. At this time, an operator or manager who is in a

15 place other than the monitoring rcocom where the center
apparatus 11 is arranged may have the remote-monitoring
operation terminal 10. In this case, the
countermeasure support information is also transmitted
to the plant operator or manager having the

20 remote-monitoring operation terminal 10 via the
communication path. Fach of a plurallty of operators
or managers may have the remote-monitoring cperation
terminal 10. In this case, the countermeasure support
information is provided to the remote-monitoring

25 operation terminals 10 by broadcast.

The operator confirms the performance index or

control wvalue of the target process based on the



250f the plants can be performed. According to at least one of the above-described embodiments,
the process monitoring/diagnostic/support - 76 - apparatus comprises the abnormality diagnostic
model construction unit 5 and the abnormality monitoring/diagnostic/countermeasure support unit 7.
This allows to provide countermeasure support Sinformation in an abnormal state regardless of a
target process. While certain embodiments have been described, these embodiments have been
presented by way of example only, and are not intendé€d to mit the scope of the 10inventions. Indeed,
the novel embodiments described herein may be embodied in a variety of other forms; furthermore,
various omissions, substitutions and changes in the form of the embodiments described herein may be
made without depaingTromihe spitit 6 e TSinyertions? Theracebfipanyiy Eldiniéand their
equivalents are intended to cover such forms or modific%tions.as \ivo'l”&i fall it@%éhe scope and spirit

of the inventions. = 772\WHET' IS CLATMED IS -+ 1 A procass monitoring/diagnostic/support
appanﬂuscompngggé, if the manipulated variables need to be changed,

the operator determines the manipulated variablie change

5 command and operates the remote-monitoring operation
terminal 10. The remote-monitoring opefation terminal
10 transmits the change command information to the
sewage complete treatment process 1 via the
communication path in accordance with the operation of

10 the cperator. If there is an operator or manager who
holds the remote-monitoring cperation terminal 10,
priority orders for the manipulated variable command
are preferably set to define one of the center
apparatus 11 and the remote-monitoring operation

15 terminal 10, whose command is preferentially executed.
If a plurality of persons hold the remote-monitoring
operation terminals 10, priority crders for the
manipulated variable command are preferably set to
define a terminal whose command is preferentially

20 executed.

?inally, in the sewage complete treatment process

1, the manipulated variables are changed automatlically
or manually based on the received command information.
If the treatment plant is unattended, the manipulated

25 variables are changed autcmatically. For a manned
treatment plant, after the operator in the treatment

plant confirms the command information, the manipulated



data collection/storage means for collecting time series data of n (n2) process variables representing
measurement results from n sensors for measuring a quantity of state or a manipulated variable of a
target process and storing the time series data; process variable classification means for
storing 10classification information representing a result of classifying the n process variables into p
(1p < n) output variables Y that are the quantities of states and represent performance indices, L (1L <
n) input variables U representing the manipulated varidhles,"and 15m (Om < n) intermediate variables
Z that are the quantities of states and represent control/monitor values; process variable
correlation definin% mea}rﬂ}s}for definin hfrom the classiﬁ(‘lation informatiog "andltpe 20time series data
of the n process varables tora %rreedegerarﬁllﬂgg p%?i%&?coﬁfel%ﬁor? 1ilr%glprﬁat‘chginarepsfésenting correlation

between the n process varighles including the-¢lassificatianreskiti-abnarmality, detactionidata defining
means for 25defining an equation to generate q (1q << n) abnormality detection data less than n and a
determination critefionstocgeterminsioneofin78%G. 14.
The effects of the embodiments having the
5 arrangement shown in ¥IGS. 12, 13, and 14 are as
follows.

According to the arrangement shown in FIG. 12, the
same effects as in the first embodiments can be
obtained even when the sewage treatment plant and the

i0 plant operator or plant manager who operates and
manages the sewage treatment plant exist in places
physically spaced apart from each other.

According to the arrangement shown in FIG. 13,
since it is coriented to reduge the calculation load on

15 the center side in the mechanism of FIG. 12, even a
simple portable terminal which cannot nandle a heavy
calculation leoad can communicate information in an
abnormal state, which is critical in process
monitoring, and execute a countermeasure against it

20 from a remobte site, in addition to the effects of the
first embodiment. Since the communication path iIs used
only in an abnormal state, the load on the
communication path can also be reduced simultaneously.
This contributes to avolding traffic congestion on the

2% communication path. Additionally, even in the case of
traffic congestion, communication of important

information (information in an abnormal state) can



presence/absence and a strength of an abnormality based on the abnormality detection data from the
time series data of the n process variables for the predetermined period; Sabnormality detection data
contribution amount defining means for defining a contribution amount of each piece of the time series
data of the n process variables to the abnormality detection data; abnormality countermeasure support
information 10defining means for defining a first rule to extract a predetermined number of top-ranked
abnormality factor candidate variables out of abnormality factor candidate variables that are process
variables as abnormality factor candidates in an abnormal state, a second rule 15to classify the
extracted abnormality factor candidate variables into the output variables Y, the input variables U, and
the intermediate variabied ZHasei o1 E6rrelation information, and a third rule to provide

countermeasure support ipformation-inelding & message 201 supPRH & caunteragasire in the
abnormal state based on the classification result; abnormality detection means for generating the

abnormality detectintodataicorrespontiing tothe tinhe:setiés datbaatta pregetermined tinlexmc

accordance with 25the stored time series data of the n process variables at the predetermined time

and a definition of #ie:aBRernidlity detection datd BafififgiRaans and™ 79'€ disghvsing the

presence/absence of an abnor(%n Ii% %1 the data at the gaedggler@ined time base on Itlh%gtggormality
or

. . g he Communica
detection data; abﬁ)orrﬁlatll’ty?ar%: varla%lré: sgﬁgr%%gnlmeans for,

is expected, an important abnormality that has occurred
in the target process can be detected, and a
countermeasure against 1t can be taken (however,
monitoring the Time series data of all process
10 variables under measurement is abandoned as a result).
According to the arrangement shown in FIG. 14,
since it is oriented te further divide the functions of
the arrangements in FIGS. 12 and 13 and monitor a
plurality of treatment plants in a collective manner,
15 the functions and effects of the first embodiment can
be provided as a remote service (cloud service).
That is, according to the arrangement shown in
FIG., 14, the center apparatus 11 arranged in one or &
few monitoring rooms can execute
20 monitoring/diagnosis/support of plants in a plurality
of places, and the effects of the first embodiment can
be implemented as a cloud service. Even when the plant
operator or plant manager is physically spaced apart
from the target plant, and monitoring/diagnosis/support
25 of the plants can be performed.
According to at least one of the above-described

embodiments, the process monitoring/diagnostic/support



5when an abnormality exists as a result of the diagnosis, calculating the contribution amount of the
time series data at the predetermined time based on a definition of the contribution amount and
separating and extracting the abnormality factor candidate 10variables from the time series data at the
predetermined time based on the calculated contribution amount and the first rule; and abnormality
countermeasure support information providing means for providing the countermeasure 15support
information based on the separated and extracted"abn?n?maﬁty factor candidate variables, the
correlation information, the second rule, and the third rule. 2. The apparatus according to claim 1,

further 20comprising process variable classification user interface means for, displaying.,names of the n
: ' G T % Al LY. 105 £1 2 1
process variables %%é)aégfgtc%%gTﬁg%ﬁu&ﬁ%naﬁﬁft neooﬁ}%uf vg{rlgﬁeg, and the intermediate

variables in the procgss:variable, classification meansdn aseerdance2pwith a user operation during
display. 3. The apparatus according to claim 1, wherein the abnormality detection data defining
means defines - 8fonthecequation te generdte the abhormmality detectiorcdata usirig-at/least one of a

principal component analysis (PCA), a projection to Iatgnt structure/partial least Square (PLS), a
principal component fgyrédsiG {PER)PZOVLIde counterneasure support

5 information in an abnormal state regardiess of a target
process.

While certain embodiments have been described,
these embodiments have been presented by way of example
only, and are not intended to limit the scope of the

10 inventions. Tndeed, the ncvel embodiments described
herein may be embodied in a variety of other forms;
furthermore, various omissions, substitutions and
changes in the form of the embodiments described herein
may be made without departing from the spirit of the

15 inventions. The accompanying claims and thelr
equivalents are intended to cover such forms or
modifications as would fall within the scope and spirit

of the inventions.



5canonical variate analysis (CVA), a mahalanobis distance, a robust PCA, a kernel PCA, a
discriminant analysis, a fuzzy C-means clustering, a K-means clustering, a support vector machine
(SVM), a relevance vector machine (RVM), and a subspace method. 104. The apparatus according to
claim 3, wherein the abnormality detection data contribution amount defining means defines the
contribution amount of a process variable k (k = 1, 2,..., n) of interest out of the n process variables by
one of [a] projecting from 15the abnormality detection data defined by the abnormality detection data
defining means to a space spanned by the process variable k, [b] decomposing the abnormality
detection data to a sum of n components to. defi ribution amount as a kth component
20affected only by the process variable k,sg?ﬁ%l‘sfc] Il%singg;l‘el‘%ﬂfdg]f_ﬁcé)n é’tr)it component analysis. 5. The
apparatus according to claim 1, wheseinthe process varihle sgrelation defining means defines the
correlation information based on one of a 25correlation matrix and a principal component loading
matrix of the time sefies datasofthemrprocess variables for the predetermined period. - 81 - 6.
The apparatus according to claim 1, wherein the process variable correlation defining means has, as

the correlation informatiofi2& talsle in Hireh X A 'colutfiis Féitegentily 6ie b the'préstni&absence
and 5the %trength of correla 'ogepet\%legn gﬁe 0 process vaerisasbl%%, Ia;;na dl odhe gpgpgg%t% {%her
: = .

. Series =} oL . e FKPC
comprises a process variable correlation defining interface means Isplaying the table and
correcting contentg of the-table\in results from n sensors for measuring a

quantity of state or a manipulated variable ol a target
process and storing the time series data;
process variable classification means for storing

10 classification information representing a result of

classifying the n process variables into p (1 = p < n)

output variables Y that are the cquantities of states

and represent performance indices, L (1 £ L < n} input

variables U representing the manipulated variables, and

m (0 €£m < n) intermediate variables Z that are the

i
(&2l

quantities of states and represent control/monitor
values;
process variable correlation defining means for
defining, from the classification information and the
20 time series data of the n process variables for a
predetermined period, correlation information
representing correlation between the n process
variables including the classification result;
abnormality detection data defining means for
25 defining an egquation to generate g (1 £ g << n)
abnormality detection data less than n and a

determination criterion to determine one of



10accordance with the user operation. 7. The apparatus according to claim 1, wherein the
second rule includes a rule to classify the extracted abnormality factor candidate variables into input
factor variables FU belonging to the input 15variables U, output factor variables FY belonging to the
output variables Y, and intermediate factor variables FZ belonging to the intermediate variables Z
based on the classification information, and the third rule includes 20a fourth rule A to, when the
abnormality factor candidate variables include the outplit factor variable FY, notify that the output
factor variable FY has deteriorated and provide the countermeasure support information including a
message for prompting to 25confirm and revise a value of the input variable efined by th

U b
correlation inform&tdirte e darraratsdtwiththé ofifput #4¢t8r Grialle wo-rg‘fij‘ %atf?ftﬂgﬁ‘ﬁee to, when

the abnormality fagtor candidate variables inglude.notthe putputefagtor variable Y but theinput factor
variable FU, notify

data of the n process variables for the predetermined
period;

5 abnormality detection data contribution amount
defining means for defining a contribution amount of
cach piece of the time series data of the n process
variables to the abnormality detection data;

abnormality countermeasure support information
i0 defining means for defining a first rule to extract a
predetermined number of top-ranked abnormality faetor
candidate variables out of abnormality factor candidate
variables that are process variables as abnormality
factor candidates in an abnormal state, a second rule
! to classify the extracted abnormality factor candidate
variables into the output variables Y, the input
variables U, and the intermediate variables Z based on
correlation information, and a third rule to provide
countermeasure suppert information including a message
20 to support a countermeasure in the abnormal state based
on the classification result;
abnormality detection means for generating the
abnormality detecticn data corresponding to the time
series data at a predetermined time in accordance with
75 the stored time series data of the n process variables
at the predetermined time and a definition of the

abnormality detection data defining means and



that the input factor variable FU deviates from a 5normal state to the abnormal state and provide the
countermeasure support information including a message for prompting to revise a manipulated
variable represented by the input factor variable FU and notifying that the output variable Y defined by
the 10correlation information to be correlated with the input factor variable FU has a possibility of
deterioration in the future, and a sixth rule C to, when the abnormality factor candidate variables
include only the intermediate 15factor variables FZ, prB@ide'the countermeasure support information
including a message for notifying that the intermediate factor variables FZ have deteriorated, and the
output variables Y dQefined by thet(;orrelation inf‘orm%(ionntg be %orrelagegnvgg;g glel Lnterl ediate 20factor
variables FZ havea ﬁgéls%iﬁfﬁ/gof deterioration in (ﬁje flitire” ©"8°Thé apparatus a\c/corr%ing to claim 1,

further comprising;ahnosmality.countermeasure fecarghpolding means.for secerding an operation
performed by the user 25 after the countermeasure support information provided by the abnormality

countermeasure suppotinaformatior praviding means has been presented, - 83 - when the
countermeasure support information is provided, the abnormality countermeasure record holding

means presenting the codhterieadirelsugiorinfdrftation EhdFaIa&S bf fiie Mpafvariabies U, values

of the 5 when an abnormality exists as a result of the

diagneosis, calculating the contribution amount of the
time series data at the predetermined tTime based on a
definition of the contribution amount and separating
and extracting the abnormality factor candidate
10 variables from the time series data at the
predetermined time based on the calculated contribution
amount and the first rule; and
abnormality countermeasure support information
providing means for providing the countermeasure
15 suppert information based on the separated and
extracted abnormality factor candidate variables, the
correlation information, the second rule, and the third
rule.
2. The apparatus according to c¢laim 1, further
20 comprising process variable classification user
interface means for displaying names of the n process
variables and selecting the input variables, the output
variables, and the intermediate variables in the
orocess variable classificaticon means in accordance
25 with a user operation during display.
3. The apparatus according to claim 1, wherein

the abnormality detection data defining means defines



5output variables Y, and values of the intermediate variables Z before a current time based on the time
series data and the classification information, and after the countermeasure support information
has been presented, the abnormality countermeasure record 10 holding means continuously recording
operation records of the input variables U as the operation performed by the user, the values of the
output variables Y, and the values of the intermediate variables Z. 9. The apparatus according to claim
1, further 15comprising a center apparatus connected 18 theé data collection/storage means via a wired
or wireless communication path, wherein the process variable classification means, the process
variable correlatioQ[ defining means, the 20abno _magﬁ/gdet%%tion dqt@tdef@éngem@flgﬁ, ggfi adbnormality

. : - ) T &,
detection data con ﬁ%uﬁ’&] gr%lo%rrl}t nglﬁﬁaﬁgaﬁs, a nororﬁ:g]ﬁy deifectlon (fata contribution amount

defining means, the,abnormality. detection means, the abnormality facioivariable separation means,
and 25the abnormality countermeasure support information providing means are implemented in the
center apparatus, and2; 84a prthecenten appalaus collects,vid thedommiumdationagath, the time
series data of the n process variables stored in the data collection/storage means and presents the

time series data to>tHetdser (B land wiierP 6p&fating the THpUR Variable®d 1 adc6rdahce With the user
operation{ransmits an operation.signal,of ifg inpuf yariable, U tq the [arget propess via the
communication pa(fh.
distance, a robust PCA, a kernel PCA, a discriminant
analysis, a fuzzy C-means clustering, a K-means
clustering, a support vector machine (SVM), a relevance
vector machine (RVM), and & subspace method.
10 4. The apparatus according to claim 3, wherein
the abnormality detection data contribution amount
defining means defines the contribution amount of a
process variable k (k = 1, 2,..., n} of interest out of
the n process variables by one of [a}l projecting from
15 the abnormality detection data defined by the
abnormality detection data defining means to a space
spanned by the process variable k, [b] decomposing the
abnormality detection data to a sum of n components S0
as to define the contribution amount as a kth component
20 affected only by the process variable k, and [c] using
independent compoeonent analysis.
5. The apparatus according to claim 1, wherein
the process variable correlation defining means defines
the correlation information based on one of a
25 correlation matrix and a principeal component loading
matrix of the time series data of the n process

variables for the predetermined period.



10. The apparatus according to claim 1, further 10comprising a monitoring operation terminal
connected to the abnormality countermeasure support information providing means and the target
process via a wired or wireless communication path, the monitoring operation terminal presenting, to
15the user, the countermeasure support information provided from the abnormality countermeasure
support information providing means via the communication path and, when operating the input
variable U in accordance with the user operation, t‘ransgr%ittiﬁg an operation 20signal of the input
variable U to the target process via the communication path. 11. The apparatus according to claim 1,
wherein when there are vé(w = 1,w) target %rocesses, w data coge%t'ion/stOEagewmeansnare provided
g

25and individually arranged in the wWargét tr%%egscecs?ﬂ%jel Ir}lgpg’ratus further tomperféee§: a center

apparatus connecgd.tg.the data 83 ; cliectiopisioragemgeans viaa wiredrwireless as
communication path; and not less than w monitoring operation terminals individually connected to
the abnormality the correlation information, a table in n rows x n
columns representing one of the presence/absence and
5 the strength of correlation between the n process
variables, and
the apparatus further comprises a process variable
correlation defining interface means for displaying the
table and correcting contents of the table in
10 accordance with the user operation.
7. The apparatus according to claim 1, wherein
the second rule includes a rule to classify the
extracted abnormality factor candidate variables into
input factor variables FU belonging to the input
15 variables U, ocutput factor variables FY belonging to
the output variables Y, and LIntermediate factor
variables FZ belonging to the intermediate variables 2
based on the classification information, and
the third rule inciudes
20 a fourth rule A to, when the abnormality factor
candidate variables include the output factor variable
FY, notify that the output factor variable FY has
deteriorated and provide the countermeasure support
information including a message for prompting to
25 confirm and revise a value of the input variable U
defined by the correlation information to be correlated

with the output factor variable Y,



5countermeasure support information providing means and the target processes via a wired or
wireless communication path, the center apparatus collects, via the communication path, the time
series data of the n 10process variables stored in each data collection/storage means and presents
the time series data to a first user, and when operating the input variable 0 in accordance with an
operation of the first user, transmits an operation signal of the input 15variable U to the target
processes via the communication path, and each ofthe monitoring operation terminals presents, to
a second user, the countermeasure support information provided from the abnormality
20countermeasure support information_providing means via the communication path and, when

operating the input variabte t}'in‘accordande with al Bperation oPfhe SEtohd Use? “trafsmits the
operation signal of the jnput.variable U fothe fargef, processes yia the.zagommunication path. 12,

A computer-readable storage medium storing a program to be executed by a processor of a process
variable FY but the input factor variable FU, notify

that the input factor variable FU deviates from a

5 normal state to the abnormal state and provide the
countermeasure support information including a messags
for prompting to revise a manipulated varisble
represented by the input factor variable FU and
notifying that the output variable Y defined by the

10 correlation information to be correlated with the input
factor variable FU has a possibility of deterioration
in the future, and

a sixth rule C to, when the abnormality factor
candidate variables include only the intermediate

15 factor variables FZ, provide the countermeasure support
information including a message for notifying that the
intermediate factor variables FZ have deteriorated, and
the output variables Y defined by the correlation
information to be correlated with the intermediate

20 factor variables FZ have a possibility of deterioration
in the future.

8. The apparatus according to claim 1, further
comprising abnormality countermeasure record holding
means for recording an operation performed by the user

25 after the countermeasure support information provided
by the abnormality countermeasure support information

providing means has been presented,



- 86 - monitoring/diagnostic/support apparatus including a memory, comprising: a first program
code that causes the processor to execute processing of collecting time series data of n 5(n2) process
variables representing measurement results from n sensors for measuring a quantity of state or a
manipulated variable of a target process and storing the time series data in the memory; a second
program code that causes the processor to 10execute processing of storing classification information
representing a result of classifying the n process variablés into p (1p < n) output variables Y that are
the quantities of states and represent performance indices, L (1L < n) input variables U 15representing
the manipulated variables, and m (Om < n) intermediate variables Z that are the, guantities of states

and represent control/mo‘ﬁﬂﬁPv&lﬁ%sf&ﬂﬁi%%%%‘?&’ﬁﬁ%d%%ﬂﬁ%&us“&ffﬁﬁnbarg& Ssorto 20execute
processing of defining, from the,classification. informafign and,the time series.data ¢ffhe nprocess

means presenting the countermeasure support information
and values of the input variables U, values of the
5 output variables Y, and values of the intermediate
variables 7 before a current time based on the time
series data and the classification informaticn, and
after the countermeasure support information has
been presented, the abnormality countermeasure record
10 holding means continuously recording operation records
of the input variables U as the operation performed by
the user, the values of the output variables Y, and the
values of the intermediate variables Z.
9. The apparatus according to claim 1, further
15 comprising a center apparatus connected to the data
collection/storage means via a wired cr wireless
communication path,
wherein the process variable classification means,
the process variable correlation defining means, the
20 abnormality detection data defining means, the
abnormality detection data contribution amount defining
means, the abnormality detection data contribution
amount defining means, the abnormality detection means,
the abnormality factor variable separation means, and
25 the abnormality countermeasure support information
providing means are implemented in the center

apparatus, and



variables for a predetermined period, correlation information representing correlation between the n
process variables including the classification result; 25a fourth program code that causes the
processor to execute abnormality detection data defining processing of defining an equation to
generate g (1g << n) - 87 - abnormality detection data less than n and a determination criterion to
determine one of presence/absence and a strength of an abnormality based on the abnormality
detection data from the time series 5data of the n ﬁroc%és variables for the predetermined period;

a fifth program code that causes the processor to execute processing of defining a contribution amount
of each piece of the time series data of the n process 10fi‘ria@(?3 to the Egnormality detection data;

a sixth program code thaF8&&&%%%%%8&%&%8 Sexgguteeﬁo%éséfﬁﬁ 0 gfining a first rule to extract

a predetermined nugher,pf top-ranked. abnormality fagtor.candidate vasiables.out of abnormality factor

candidate 15variables that are process variables as abnormality factor candidates in an abnormal
state, a second rutertoralassifythe extracted:abrarmality: facteragandiddté variablessintorthgoutput
variables Y, the input variables U, and the intermediate variables Z based on 20correlation information,

and a third rule to'provide 8btntermeastre sbhortmforitatibfindabimg < md¥daljé 5 support a
Counmwm%gaﬂei%gga%ﬂggnggggggfggegﬁg1qﬁg%%sﬁgg%g@fgsgmin accordance
with the user operation, transmits an operation signal
of the input variable U to the target process via the
communication path.
10. The apparatus according to claim 1, further
10 comprising a monitoring operation terminal connected to
the abnormality countermeasure support information
providing means and the target process via a wired or
wireless communication path,
the monitoring operation terminal presenting, to
15 the user, the countermeasure support information
provided from the abnormality countermeasure support
information providing means via the communication path
and, when operating the input variable U in accordance
with the user operation, transmitting an operation
20 signal of the input variable U to the target process
via the communication path. -
11. The apparatus according to claim 1, wherein
when there are w (w = 1, 2,..., w; target
processes, w data ccllection/storage means are provided
25 and individually arranged in the w target processes,

the apparatus further comprises:

a center apparatus connected to the data



a seventh program code that causes the processor 25to execute processing of generating the
abnormality detection data corresponding to the time series data at a predetermined time in
accordance with the stored time - 88 - series data of the n process variables at the predetermined
time and a definition of the abnormality detection data defining means and diagnosing the
presence/absence of an abnormality in the data at the 5predetermined time based on the abnormality
detection data; an eighth program code that causesthe processor to execute processing of., when
an abnormality exists as a result of the diagnosis, calculating the contribution 10amount of the time
series data at the predetermined time based on a definition of the contribution.amount and separating
and extracting the @bhbinaity FActor EaRGidaTs Variablés frofh tHe timE s&riks tats at the
predetermined timg Oq%ggio&tp%%glgé@gg coptribution 15amount and the first rule; and a ninth
program code that causes the processor to execute processing of providing the countermeasure
support information based ©n the separated.antbextracted abnormality factercandidate variables, the

20correlation information, the second rule, and the third rule.
individually connected to the abnormallity
5 countermeasure support information providing means and
the target processes via a wired or wireless
communication path,
the center apparatus collects, via the
communication path, the time series data of the n
10 process variables steored in each data
collection/storage means and presents the time series
data to a first user, and when operating the input
variable U in accordance with an operation of the first
user, transmits an operation signal of the input
1h variable U te the target processes via the
communication path, and
each of the monitoring coperation terminals
presents, tc a second user, the countermeasure support
information providea from the abnormality
20 countermeasure support information providing means via
the communication path and, when operating the input
variable U in accordance with an operation of the
second user, transmits the operation signal of the
input variable U to the target processes via the
25 communication path.
12. A computer-readable storage medium storing a

program to be executed by a processor of a process
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monitoring/diagnostic/support apparatus including a
memory, comprising:

a first program code that causes the processor to
axecute processing of collecting time series data bf n
(n 2 2) process variables representing measurement
results from n sensors for measuring a quantity of
state or a manipulated variable of a target process and
storing the time series data in the memory;

a second program code that causes the processor to
execute processing of storing classification
information representing a result of classifying the n
process variables into p (1 £ p < n) output variables ¥
performance indices, L (1 £ L < n) input variables U
representing the manipulated variables, and m
(0 £ m < n) intermediate variables Z that are the
quantities of states and represent control/menitor
values;

a third program code that causes the processor to
execute processing of defining, from the classification
information and the time series data of the n process
variables for a predetermined period, correlation
information representing correlation between the n
process variables including the classification result;

a fourth program code that causes the processcr To
execlute abnormality detection data defining processing

of defining an equation to generate g (1 £ g << n)
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abnormality detection data less than n and a
determination criterion to determine one of
presence/absence and a strength of an abnormality based
on the abnormality detection data from the time series
data of the n process variables for the predetermined
pericd;

a fifth program code that causes the processor to
execute processing of defining a contribution amount of
each pilece of the time serles data of the n process
variables to the abnormality detection data;

a sixth program code that causes the processor to
execute processing of defining a first rule to extract
a predetermined number of top-ranked abnormelity factor
candidate variables out of abnormality factor candidate
variables that are process variables as abnormality
factor candidates in an abnormal state, a second rule
to classify the extracted abnormality factor candidate
variables into the output variables Y, the input
variables U, and the intermediate variables 7 based on
correlation information, and a third rule to provide
countermeasure support information including a message
to support a countermeasure in the abnormal state based
en the classification result;

a seventh program code that causes the processor
to execute processing of generating the abnormality
detectilon data corresponding to the time series data at

a predetermined time in accordance with the stored time
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series data of the n process variables at the
predetermined time and a definition of the abnormality
detection data defining means and diagnosing the
presence/absence of an abnormality in the data at the
predetermined time based on the abnormality detection
data;

an eighth program code that causes the processor
to execute processing of, when an abnormality existe as
a result of the diagnosis, calculating the contribution
amount of the time series data at the predetermined
time based on a definition of the contribution amount
and separating and extracting the abnormality factor
candidate variables from the tTime series data at the
predetermined time based on the calculated contribution
amount and the first rule; and

a ninth program code that causes the processor to
execute processing of provliding the countermeasure
support information based on the separated and
extracted abnormality factor candidate variables, the
correlation information, the second rule, and the third

rule.



