[
1

-3

PROCESS MONTITORING/DIAGNOSTIC/SUPPORT APPARATUS
FIELD

Embodiments described herein relate generally to a
process monitoring/diagnostic/support apparatus capable
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 digestion process,
a water purification process, a water
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
treatment process, a sludge digestion process, a water
purification process, or a water supply/distribution

process, a petrochemical process, a steel process, a
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semiconductor manufacturing process, or the ke, a

plurality of online sensors for measuring a plurality

F

of process states are installed. A process monitoring
apparatus (SCADA: Supervisory Control And Data
Acgulsition) converts process data (flow rate,
temperature, water quality, manipulated variable, and
the like} obtained by measurement of a sensor group
installed in a normal process system into time series
data (trend graph). A plant manager 0or operator

monivors the time series data so as to grasp the
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process states and change or contrcl the process

operations. Upper and lower limits called control
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mits or the like are normally set for the time series
data of esach pilece of process data. BAn alarm is raised
if 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 also
an operation that can achieve predetermined target
performance of a process and also lead to energy saving
and cost reducticn. The predetermined target
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

predetermined upper limit or the absence of pathogenic
microcrganisms 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
article or steel) within a predetermined rangé. At

this time, it is important for the operation management

to monitor the process states concerning the target
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performance, quickly detect a state change or abnormal
state that may inhibit achievement of the predetermined
target, and take countermeasures in advance, thereby
preventing failures in achieving the predetermined
target. Additionally, to perform an operation 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

guickly detect a process state change that may cause
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om the excellent states.
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4s a method of diagnosing such a process state
change or abnormality, there is known a method called
MSPC (Multi-Variate Statistical Process Control) using
"multivariate statistical analysis" which has been

zed in the fisld of a petrochemical process or a
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steel plant.

As the most commonly used methods, PCA (Principal
Component Analysis) and PLS (Projection teo Latent
Structure/Partial Least Sqguare) are known.

The main objects of the MSPC are to (1) detect a
sign of abnormality of a plant (Fault Detection) and
(2) estimate a process varilable (data) as an
abnormality factor (Fault Isolation) using the
multivariate statistical analysis such as PCA or PLS.

For (1), a sign of abnormality that is

undetectable using only one variable can be detected
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using the correlation information of a plurality o
process variables.

For (2}, after an abnormality is detected using
abnormality detection data (called a ¢ statistic or
Hotelling's TZ statistic) synthesized from a plurality
of process variables, a process variable (data) as an

abnormality factor candidate is estimated using

ot

information called a contribution amount representing
the degree of contribution of each piece of process
data to the abnormality detection data.

e
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As described above, using MSPC makes it possib
tc perform advanced monitoring and diagnosis that is
more useful for the plant manager or operator than
conventional monitoring based on simple control limits
for individual process variables (sometimes called SPC
(Statistical Process Control) in contrast with MP3SC 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)
abnormality sign detection and (2) abnormality factor
variable estimation described above 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,
inexperienced plant operators strongly demand this
information. Informaticn simply indicating "there iz a

sign of abnormality" or diagnostic information
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representing "process variables exhibiting abnormality
are QO and 44" is insufficient. Demanded is support
information in a form “there is a sign of abnormality,
and process variables of the factor are probably OO
and AA™. You are advised to take countermeasure ",

There exists a large gap between the needs for the
support informaticn and the above-described FDI (Fault
Detection and Isocolation) (1) and {(2). This is because
aithough FDI can perform diagnosis mechanically to some
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
related engineering.

Abnormality cause estimation methods for providing
Ccountermsasure support information are often classifiied
into [1] empirical methods (decisicn tree, pattern
learning, and the like), [2] logical methods (using a
physical model, a fault tree, or the iike), [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
process, and the like are nescessary in some form. For
this reason, to track down the true cause of The

unsteady state {(abnormal state} of a process and do
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countermeasure support, an enormous amount of
engineering is necessary to build up a diagnostic
system for each target process. The necessity of
development according to the features of the target

process is one hurdle in developing an unsteady state

0

ountermeasure support system.

It is an object of the present invention to
provide a process monitoring/diagnostic/support
apparatus capable of providing countermeasure support
information in an abnormal state regardless of a target
process.

A process monitoring/diagnestic/support apparatus
according to an aspect comprises a data
collection/storage means, process variable
classification means, process variable corrzlation
defining means, abnormality detection data defining
means, abnormality detection data contribution amount
defining means, abnormality countermeasure support
information defining means, abnormality detection
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 2) process variables representing
measurement results from n sensors for measuring a
guantity of state or a manipulated variable of a target

process and stores the Time series data.
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The process variable classification means stores

classification information representing a result of

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

output variables Y that are the guantities of states

and represent performence indices, L (1 £ L < n) input

variables U representing the manipulated variables, and

< m < n) intermediate variables Z that are the

guantities of states and represent control/monitor

The process variable correlation defining means

dafines, from the classification informazion 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.

defines an eguation to generate ¢ (1
1 ~

abno

The abnormality detection data defining means
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g << n)

rmality detection data less than n and &

determination crirerion to detesrmine one of

presence/absence and a strength of an abnormality based

on the abnormality detection data from the time series

data
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f the n process variables for the predetermined
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od.

The abnormality detection data contribution amount

ining means defines a contribution amount of each

piece of the time seriles data of the n process

variables to the abnormality detection data.



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
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 support information including a message
o support a countermeasure in the abnormal state based
on the classification result.

-
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The abnormality detection means generates the

abnormality detection data corresponding to the time

¥

series data at a predeiermined time in accordance with

¢!

the stored time series data of the n process varlables

at the predetermined time and a definition of the

abnormality detection data defining means and diagnoses

the presence/absence of an abnormality in the data at

the predetermined time based on the abnormality
etection data.

When an abncrmality exists as a result of the

diacgnosis, the abnormality factor wvariable separation
=3 r &

szans calculates the contribution amount of the time

=
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series data at the predetermined time based on a

0.

definition of the contribution amount and separates an
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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.

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

According to another aspect, there is provided a
computer-readable storage medium storing a program to
be executed by a processor of a process
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 (n 2 2) process variables representing
measurement results from n sensors for measuring a
guantity 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 Y
that are the quantities of states and represent
performance indices, L (1 £ L < n) dinput variables U

representing the manipulated variables, and m
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(0 £m < n) intermediate variables Z that are the
guantities of states and represent control/monitor
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 processor to execute abnormality detection
data defining processing of defining an eguation to
generate g (1 £ g << n) 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 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 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
abnormality factor candidate variables out of
abnormality factor candidate variables that are process

variables as abnormality factor candidates in an
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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
support information including a message to support a
countermeasure 1in the abnormal state based on the
classification result; a seventh program code that
causes the processor to execute processing of
generating the 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 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 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

varlables from the time geries data at the

predetermined time based on the calculated contribution

amount and the first rule; and a ninth program code
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that causes the processor to execute processing of
providing the countermeasure support information based
on the separated and extracted abnormality factor
candidate wvariables, the correlation information, the
second rule, and the third rule.
BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 1is a schematic view showing the basic
system arrangement of a process
monitoring/diagnostic/support apparatus according to
the first embodiment;

FIG. 2 is a schematic view showing an example of a
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
the correlation determination rule;

FIG. 5 i1s 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;

FIG. 7 is a schematic view showing an abnormality
factor candidate classification rule;

FIG. 8 is a schematic view showing an example of
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an abnormality countermeasure sSupport message
generation rule;

PIG. 9 is a schematic view showing an example of
the abnormality countermeasure support message
generation rule;

FIG. 10 is a schematic view for explaining a
function of generating an abnormality countermeasure
support message in an abnormal state;

FIG. 11 is a schematic view showing an example of

a3}

countermeasure support message;

I5. 12 is a schematic view showing an example of

xy

a system arrangement according to another embodiment:

FI&6. 13 is a schematic view showing an example of
a system arrangement according to still another
embodiment; and

FIG. 14 is a schematic view showing an example of
a system arrangement according to yet another
embodimant.

DETAILED DESCRIPTION

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
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
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a computer-readable storage medium to a computer
serving as the process monitoring/diagnostic/support
apparatus in advance so as to implement the functions
of the process monitcring/diagnostic/support apparatus.

<

rey

irst Embodiment>

FIG. 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.

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
collection/storage unit 2 configured to collect the
time serles data of n (n 2 2} process variables

representing measurement results from n senscrs for

measuring the quantity of state or manipulated variable

M

of the target process and store the data. This
embodiment is not dependent on the target process
because of its object but will be explained by
exemplifying a sewage treatment process to obtain a
distinct image of implementation. That is,
implementation is not substantially limited to the
sewage Treatment process.

The sewage complete treatment process 1 includes a

primary sedimentation basin 101, an anaeroblc tank 102,
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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 exztractiocn flow

rate sensor 111, an oxygen supply blower and its supply

=

air flow rate senscr 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
extraction 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
amount of influent sewage, an influent TN sensor 123
for measuring the total amount of nitrogen contained in
the influent sewage, an influent TP sensor 124 for
measuring the total amount of phosphorus contained in
the influent sewage, an influent UV sensor or infliuent
COL sensor 12% for measuring the amcunt of organic
substances contained in the influent sewage, an
anaerobic tank ORP sensor 126 for measuring ORP in the
anaerobic tank 102, an anaerobic tank pH sensor 127 for
measuring the pH in the anaercbic tank 102, an anoxic
tank CORP 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
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1210 for measuring the phosphoric acid concentration in
the aercbic tank 104, a DO sensor 1211 for measuring
the dissclved oxygen concentration in the aeroblc tank
104, an ammonia sensor 1212 for measuring the ammonia
concentration in the aercbic 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
rto 104, an excess sludge S8 sensor 1215 for measuring
the solid 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
ensor 1217 for measuring the sludge interface level in
the final settling basin 2105, a sewage discharge amount
sensor 1218 for measuring the amount of effluent
sewage, an effluent TN sensor 1219 for measuring the
total amount of nitrogen contained in the effluent
sewage, an effluent TP sensor 1220 for measuring the

amount of phosphorus contained in the effluent

ot

tota
sewage, and an effluent UV or effluent COD sensor 1221
for measuring the amount of organic substances
contained in the effluent sewage.

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

manipulated variable sensors of the various kinds of



15

[
o

actuators 111 to 115 and the wvarious kinds of process
sensors 121 to 1221 perform measurements at
predetermined periods.

The process monitoring/diagnostic/support
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 wvariable sansors of the
various kinds of actuators 111 to 115 and the various
kinds of preocess 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 userx
interface unit 4, an abnormality diagnostic model
construction unit 5, a process varlable correlation
defining interface unit 6, an abnormality
monitoring/diagnostic/countermeasure support unit 7, an
abnormality countermeasure record holding unit 8, and a
user interface unit 9.

The process variable registration unit 3 registers
the names of process variables necessary for
constructing the process monitoring/diagnostic/support
apparatus of this embodiment out of the process
variables measured by the manipulated variable senscrs
of the various kinds of actuators 111 to 115 and the

various kinds of process sensors 121 to 1221.



10

ok
(92

20

The process variable classification user interface
unit 4 is a user interface to be used to display a list
of process variables registered by the process variable
registration unit 3 and classify them into input
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,
output variables, and intermediate variables in a
process 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/stbrage unit 2, past time series data of the
process variables registered by the process variable
registration unit 3 out of the process veriablies
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
abnormality diagnostic model.

The process variable correlation defining
interface unit 6 is a user interface that presents the
correlation informaticn between the process variables
defined by the abnormality diagnostic model
construction unit 5 to the user and allows him/her to
correct the information.

The abnormality
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monitoring/diagnostic/countermeasure support unit 7
extracts, from the process measurement data
collection/storage unit 2, current time series data of
the 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 to 115 and the
varicus kinds of process sensors 121 to 1221, and
detects an abnormality sign, extracts factor variable
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
based on information from the abnormality
monitoring/diagnostic/countermeasure support unit 7.
More gspecifically, the abnormality countermeasure
record holding unit 8 records an operation performed by
the user after countermeasure support informatiocon
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
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 the time
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series data and classification information. After the
countermeasure support information has been presented,
the abnormality countermeasure record holding unit 8
continuously records the operation records of the input
varizsbles U as the operation performed by the user, the
values of the output variables Y, and the values of the
intermediate variasbles Z.

The user interface unit 9 includes the process
variable registration unit 3, the process variable
classification user interface unit 4, and the process

ation defining interface unit 6, and can

[

variable corre
notify the plant manager or operator of information
from the abnormality
monitoring/diagnostic/countermeasure suppor: unit 7,
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 B.

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
detection data defining unit 54, an abnormalit
detection data contribution amount defining unit 55,
and an abnormality countermeasure support information

defining unit 56.
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As shown in FIG. 2, the process variable
clagsification unit 51 classifies the process variabkles
into input varlables, output variables, and
intermediate variables in accordance with input to the
process variable classification user interface unit 4,
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

[

resuit 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

nput variables U representing manipulated wvariables,

(S
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and m {0 £ m < n) intermediate variables Z that are
quantities of states and represent control/monitor
values.

The past (offline) dates extraction unit 52
extracts, from the process measurement data
collection/storage unit 2, the past offline data of the
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
unit 3 using the offline data extracted by the past
(offline) data extraction unit 52. More specifically,

the process variable correlation defining unit 53
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defines, from the classification information and the
time series data of the n process variables for =z
predetermined period, correlation information
representing the correlation between the n process
rariables including the classification result
represented by the classification information, as shown
in TIGS. 3, 4, 5, and 6. Note that the process
variable correlation defining unit 53 may define the
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 variable correlation
defining unit 52 may have, as correlation information,
a table in n rows x n columns representing the

presence/absence or strength of the correlation between

[

he
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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

operation.

o

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

eguation to generate g (1 £ g << n) pieces of

abnormality detection data less than n and a
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determination criterion to determine the
presence/absence or strength of an abnormality based on
the abnormality detection data from the time series
data of the n process variables for a predetermined
period.

The abnormality detection data defining unit 54
may define the equation to generate abnormality
detection data using at least one of PCA (Principal
Component Analysis), PLS (Projection to Latent
Structure/Partial Least Sguare}, 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
(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
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 amcunt defining unit 55 may define the
contribution amount of & process variable k (k = 1,
2,..., n) of interest out of the n process variables by

one of
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[a] projecting from the abnormality detection data
defined by the abnormality detection data defining unit
54 to a space spannad by the process varlable Kk,

{b] decomposing the abnormality detection data to
a sum of n components so as to define the contribution
amount as a kth component affected only by the process
variable k, and

fcl using independent component analysis.

The abnormality countermeasure support information
defining unit 56 defines rules to provide support
information to be used to advise a countermeasure in an
abnormal state, based on the classification information
of the input variables, the output variables, and the
intermediate variables from the process varilable
classification unit 51, the correlaticen 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
defining unit 55.

More specifically, the abnormaliity 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
abnormality factor candidate variables that are process
variables as the abnormality factor candidates in an

abnormal state, a second rule to classify the extracted
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abnormality factor candidate variables into the ocutput
variables Y, the input variables U, and the
intermediate variables Z based on correlation
information, as shown in FIG. 7, and a third rule to
previde countermeasure support information including a
message to support a countsrmeasure 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
extracted abnormality factor candidate variables into
inputr factor variables FU belonging to the input
variables U, output factor variables FY belonging to
the outpur variables Y, and intermediate factor
variables FZ belonging to the intermediate varilables Z

based on classification information.
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The third rule may include a four
fifth rule B, and a sizth rule C.

The fourth rule A stipulates to, when the
abnormality factor candidate variables include the
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
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 variabkle
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FU, provide countermeasure support information
including a message for prompting to particulariy
revige the input factor variable FU.

The fourth rule A more preferably stipulates to,
when the intermediate varlable Z (a plurality of
intermediate variables in general) defined by the
correlation information to be correlated with the
output factor wvariabple ¥Y is managed, and the
intermadiate variable Z includes the intermediate
factor variable FZ, provide countermeasure support
information including a message for prompting to return
the control value of the intermediate factor variable
FZ to a normal value.

The fifth rule B stipulates to, when the
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 a message
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 information to be correilated with the input
factor variable FU may deteriorate in the future.

In addition to this stipulation, the fifth rule B
more preferably stipulates to provide countermeasure

support information including a message for notifying
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that the intermediate variable Z defined by the
correlation information to be correlated with the input
factor variable FU may deteriorate in the future as
well, and when the intermediate variables 7 include the
intermediate factor variable FZ, the deterioration may
have occurred due to the input factor variable FU.

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

In addition to this stipulation, the sixth rule C
more preferably stipulates to include a message for

bles
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prompting to confirm the values of the input vari
U defined by the correlation information to be
correlated with the intermediate factor variables F2Z
and examine the necessity of operation changes.

The abnormality
monitoring/diagnostic/countermeasure support unit 7
comprises a current (online) data extraction unit 71,
an abnormality detection unit 72, an abnormality factor

variable separation unit 73, and the abnormality
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The current {online) data extraction unit 71
extracts “he current online data of the variables
registered by the process variable registration unit 3
from various kinds of time series data stored in the
process measurement data collection/storage unit 2.

The abnormality detection unit 72 checks the

h

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
defined by the abnormality detection data defining unit
54 and thus generating abnormality detection data, and

x

2cts the presence/absence of an abnormality in

de

'
D

accordance with a preset abnormality/normality
determination criterion. More specifically, the
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
predeternmined time and the definition of the
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
detected an abnormality, the abnormality factor
variable separation unit 73 calculates the degrees of

contribution of the process variables to the
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apnormality, which are defined by the abnormality
derection data contribution amount defining unit 55.

More specifically, 1f an abnormality exists as the

3]

result of detection {(disgnosis) by the sbnormality
detection unic 72, the abnormality factor variable
separation unit 73 calculates the contribution amount
of the time series data at the predetermined fime based
on the definition of the contribution amount, and
separates and extracts abnormality factor candidate

-

variables from the time series data at the
predetermined time based on the calculated contributicn
amount and the first rule of the abnormality
countermeasure support information defining unit 56.
The abnormality countermeasure support information
providing unit 74 provides countermeasure support

information in an abnormal state to the operator via

the user interface unit 9 in accordance with the

s

nformation of the process variables as the
predetermined number of top-ranked abnormality factor
candidates 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.

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

explained next.



[8;]

10

2

0

Ut

In the sewage complete treatment 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
predetermined periods. These pieces of measurement
information are stored in the process measurement data
collection/storage unit 2 as time series data in
accordance with a predetermined format.

When constructing the process
monitoring/diagnoestic/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
the various kinds of actuatcrs 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

unit 3 registers, as variables to be used, "[1l] 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
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"”

"
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corresponding to the final settling basin excess sludge

extraction pump and its extraction flow rate sensor

[

.15, "I[5] rainfall" corresponding te the rainfall
senscr 121, "[6] sewage inflow amount™ corresponding to
the sewage inflow amount sensor 122 for measuring the
amount of influent sewage, "[7] influent TN
corresponding to the influent TN sensor 123 for
measuring the total amount of nitrogen contained in the
influent sewage, "[81 influent TP" corresponding to the
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,

"[1¢] anaercbic tank ORP" corresponding to the

[

anaerobic tank ORP sensor 126 for measuring ORP in the
anaerobic tank 102, "[11] anaerobic tank pH"
corresponding to the anaercbic tank pH sensor 127 Zor
measuring the pH in the anaerobic zank 102, "[12]
anoxic tank ORP" corresponding to the anoxic tank ORP
sensor 128 for measuring ORP in the anoxic tank 103,
"[13] ancxic tank pH" corresponding to the anoxic tank
pH sensor 129 for measuring the pH in the anoxic tank
103, "[1l4] aerobic PO4~P" corresponding to the
phosphoric acid sensor 1210 for measuring the

rhosphoric acid concentration in the asrobic tank 104,

"{15] aerchbic tank DO" corresponding to the DO sensor
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1211 for measuring the dissolved oxygen concentration
in the aerobic tank 104, "I[18] aercbic tank NH4-N"
corresponding to the ammonia sensor 1212 for measuring
the ammonia concentration in the aerobic tank 104,
"[17} aercbic 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, "[18}
reaction tank water temperature" corresponding to 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 Zor measuring the total amount
of nitrogen contained in the effluent sewage, and "[20]
effluent TP" corresponding to the effluent TP sensor
1220 for measuring the total amount of phosphorus
contained in the effluent sewage. A registration
screen is preferably constructed as a GUI on the
monitor screen so that the usexr can easily execute the
registration.

The function of registering process variables is

.

the function of the process variable registration 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
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variables. In FIG. 2, the columns of the input
variakbles, the output variables, and the intermediate
variables are marked with O. When constructing the
actual monitor screen (GUI}, the user marks checkbozes.
When 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 efficienéy can be increased. The GUI is an
example 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

classifies the process variables registered by the

rocess variable registration unit 3 into three types,
that is, an input variable representing the manipulated
variable of a process, an output variable representing
the performance index of a process, and an intermediate
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

classification 1s done, for example, in the following

o

way.

Input variables: [1] air supply amount, [2]
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circulating flow rate, [3) return flow rate, and [4]
excess flow rate

Output variables: {19} effluent TN and [20C]
effluent TP

Intermediate variables: {51 rainfall, [6] sewage
inflow amount, [7] influent TN, {81 infliuent TP, [9]
influent UV, {10] anaerobic tank ORP, [1ll] anaerobic
tank pH, {127 anoxic tank ORP, [13] anoxic tank pH,

[14] aerobic P0O4-P, [15] aerobic tank DO, [16] aercbic
tank NH4-N, [17] aerobic tank MLSS, and [18] reaction
tank water temperature

The input variables can directly be changed by
operating a blower (fan) or a pump. In addition to
these variables, an indection amount of a chemical ox
the like, a pump discharge (storage pump) for pumping
water to the sewage treatment process, and the like can
also be input variables.

Discharge water qualities as described above are
the cutput variables because the direct object of the
sewage treatment is to maintain each discharged water
quality within the regulation value range. If another
discharge water guallity toc be monitored exists, it can
also be an output variable. A discharge water guality
loading amournt obtained by multiplying a discharge
water quality by a discharge water amount, and the like
can also be output variables. If electric energy or

the like is monitored, power consumption, an energy
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congsumption rate obtained by dividing the power
consumption by a throughput, and the like can also be
output variables.

The intermediate variables represent process
states 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
HRT (Hydraulic Retention Time), SRT {Sludge Retention
Time), A-SRT (Aerobic Sludge Retenticn Time), and a
BOS-5S load unique o the sewage treatment process.
These values may be included as intermediate variables
by incorporating equations to calculate them in
advance.

Note that there is no objective criterion to
clagssify the intermediate variables and the output
variables, and they can be defined appropriately,
though slightly subjectively, at the discretion of the
person concerned who constructs the process
monitoring/diagnostic/support apparatus.

This is the function of the process variable

The past (offline) data extraction unit 52
extracts the past data of the variables registered by
the process variable registration unit 3 for a

predetermined period from the past process data stored
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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
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 ¥. ¥ is a matrix having
variables (variables [1] to [20] in the above-described
case) Ln the row directiion and tTime series samples
(time series data) for the "predetermined periogd"
defined above in the column direction. 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
function of the past (ocffline) data extraction unit 52.
The process variable correlation defining unit 53,
for example, appropriately removes missing data and
outliers from X extracted by the past (offline) data
extraction unit 22 or normalizes (= subtracts the
average value and divides the result by a varilance) &
plurality of monitoring items of different dimensions
monitoring model construction variables), and then
obtains the correlation matrix of X. At this time,
decimatvion {thinning out the time series samples at a
predetermined period) and the like may be performed as

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

ot
A

changes. At any rate, the appropriately processed data
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will be referred to as X anew hereinafter. When the
variables are normalized, the correlation matrixz of X
matches the variance-covariance matrix and can simply
be calculated by

correlation matrix S = XT1X o (D

BEguation (1) represents an n x n matrizx (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
correlation coefficients, this matrix 1s a symmetric
matrix (correlation between a and b eguals correlation
between b and a) in which all diagornal 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.

Th is a criterion to determine the
presence/absence of correlation. For example,
Th = 0.5, Th = 0.7 (Th2 = 0.5}, or the like is used.

In addition, an appropriate expression form such as

t+
s

3

correlation is present = 1 and correlation is absent =

{
o

0, or correlation is present = O and correlation 1is
absesnt = x is used. S8 is a matrix representing the

presence/absence of correlation, which is an example oI
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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
the strengths into three levels, a correlation

determination rule (Example 2) may be set as shown in

Thl and Th2 are thresholds that satisfy 0 < Th2 <
Thi < 1. For example, Thl = 0.7 and Th2 = 0.5 are
used. In addition, an appropriate expression form such
as strong correlation = 2, weak correlation = 1, and no

correlation =

0, or strong correlation = @, weak

i

correlation O, and no correlation = x can be used.
As well as from the simple viewpoint of
correiation between the variables, the presence/absence
(or strength) of the relationship between the variables
may be defined using a loading matrix of principal
component anzlysis to be described later. A principal
component loading having a size of n X n considering
all variables is represented by Pa, and the kth row and
dth celumn of the matrix is represented by Py(k, J).
Since the loading matrix P, is a normal orthogonal

matrix because of its characteristic, each element of

Pg(k, j) takes a value from -1 To 1. The square-sum

P,

S {3 = 131

15125 (k, )2 of the ith principal component
defined by the kth row of Py (to be referred to as

Ps{k, ) hereinafter) is 1. This means that the
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average value of Pgy{k, $)2 is 1/n. Using this
characteristic, the presence/absence of the
relationship between the variables can be determined by
a correlation determination rule (Example 3} as shown
in FIG. 5.

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 loading
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
course.

FIG. 6 shows an example in which the strength of
the relaticnship (or correlation) between the process
variables is defined in the above-described way. The
process variable correlation defining unit 53
consequently 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
ciassified by the process variable classification unit
51 are classified and held as shown in FIG. 6. This is
the point in performing abnormality countermeasure

support to be described laterx.
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The above~described embodiment is an example of a
process variable defining means corresponding to
claim 5. This is the functicon of the process variable
correlation defining unit 53.

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

to rewrite the presence/absence or strength of

T

correlation in the table as needed. This makes i
possible to easily reflect a user's reguirement on the
system when he/she has doubts about the correlation
relationship mechanically determined in the
above~described manner and wénts to correct it
appropriately. An important point of this embodiment
is that instesad of reguiring the user to define the
presence/absence of correlation in advance, only when
the user wants to customize the mechanically defined
correlation, 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.

The abnormality detection data defining unit 54

generates a small number of abnormality detection data

by applying various methods of multivariate statistical
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analysis or machine learning to X extracted by the past

o~

th
1‘..3

offline) data extraction unit 52. It is important
that the abnormality detection data includes the
information of the n process varliables because it is
generated from ¥, 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
technigque is called MSPC (Multi-Variate Statistical
Process Control). In this method, normally,
abnormality detection data called a ¢ statistic or a T2
statistic is synthesized using PCA (Principal Component
Analysis) or PLS (Projection to Latent
Structure/Partial Least Squares). PCA handles all the
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
intermediate variables. The process variables are
classified so as to be used for abnormality

countermeasure support after diagnosis. Hence, in

¢t
=2
F_l -
w

embodiment, either of PCA and PLS can be used
independently of the classification. When PCA is
applied, the already defined input variables, output

variables, and intermediate variables are applied

without distinction. When PLS is used, the classifi=ad
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intermediate variables are further classiifiied into
input variables and output variables and then applied.
In place of PLS, PCR that combines PCA and multiple
regression analysis may be used. When, for example, a
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,
and turbidity are repetitively measured in a plurality
of pLaces of a water treatment process.

if data is assumed to include many cutliers,
variocus robust PCA algorithms considering robustness
against outliers, such as literature 1 "Mia Hubert,
Peter J. Rousseeuw, and Karlien V, ROBPCA: a New

>

Approach to Ropust Principal Component Analysis (2005,
Technometrics" and literature 2 "C Croux anc A
Ruiz-Gazen, High breakdown estimators for principal
components: the projection-pursuit approach revisited,
Journal of Multivariate Analysis", may be used.
Alternatively, robust PCA may be expanded and used as
robust PLS.

1f strong nonlinear correlation is assumed to
exist betwsen data, kernel PCA considering nonlinearity
descriped in literature 3 "K.~R. Muller, §. Mika, G.
Ratsch, K. Tsuda, and B. Scholkopf, An introduction to

kernel-based learning algorithms. IEEE Trans. Pattern
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Anal. Machine Intell., 12{2):181.201, March 2001" ox

mola, and K.-R.

n

literature 4 "B. Scholkopf, A.J.
Muller, Nonlinear component analysis as a kernel
eigenvalue problem. Neural Computation,
10(5):1289.1319, 189%8", 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 be generated by a
rechnigque similar to MSPC using the Mahalanobis
distance, for example, a Taguchi method used in the
field of guality engineering. Note that the detection
data using the Mahalanobis distance is substantially
the same as the Hotelling's T2 statistic using PCA to
be described later. The method using PCA is different
in that the dimensionality is lowered by PCA. However,
even the method using the Mahalanobis distance
sometimes lowers the dimensionality to stabilize the
numerical varues. Hence, the detection data using the
Mahalanobis distance is substantially the same as the
Hotelling's TZ¢ statistic.

Regarding abnormality detection as a 2-class
clustering problem for identifying certain data as
normal class or abnormal class allows to use various
kinds of clustering techniques used in the field of
machine learning. As such a technique, clustering such

as discriminant analysis, K-means clustering, or fuzzy
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C-means clustering may be used. Alternatively, SVM
(Support Vector Machine}! or RVM (Relevance Vector
Machine) using Bayesian inference may be applied as
2-class clustering. To use these clustering
technigues, 1t i1s 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.

As another technique in the field of machine
learning, the technigue 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
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 "O statistic” of PCA to pe described later.
The @ statistic represents the "degree of abnormality”
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

o))

iagnosis target data to a low-dimensional space and
represents the "degree of normality" corresponding to
the degree of closeness petween the certain data and
the low-dimensional space. The degree of abnormality

and the degree of normality are orthogonal complements.



These concepts are almost the same in principle because

they can be converted into each other.

®
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Abnormality detection data can also be synth

by combining the above~described methods in various

5 forms. For example, out of PCR that combines PCA and
multiple regression analysis, the portion of multiple
regression analysis may be replaced with SVR (Support
Vector Regression) that is regression analysis expanded
from support vector machine or RVM applied to the

10 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.

15 Detailed equations of abnormality detection data
generatlion using normal PCA will be described below forx
a subsequent explanation of functions. X can be

decomposed as follows.

n .
X = Zti*pii

i=1
20 =TaPaT
P n
== Zti*piT+ Zti *piT
i=1 =P ]
=TpP T+E (2)

T, € RN is g matrix called a score matrix having
m samples (or time series data) and n principal

components. Py € R™T is a matrix called a loading
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matrix representing the relationship between n
constituent variables and n principal components.

T € RBXP s a submatrix of Ty terminated in p << n
principal compenents and normally called a score
matrix. Similarly, P € RPXP is a submatrix of Py
representing the relationship to principal components
terminated in p << n for the n variables, and P is
normally called a loading matrix. & € RWM is an erroxr
matrix including having m samples (or Zime series data)
and n variables and represents an error when the

principal components are terminated in p << n.

as}

Ty and T, or Pz and P are clearly discriminated.

T.

a and Py will be referred to as a score matrix and a
icading matrix, respectively, and T and P will be
referred 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:

Qix(t)y = xT(ey (x-pPTy 2 (x) cea (3)

Hotelling's T2 statistic:

T2(x(t)) = xT(eypTA-lpx(t) .

.
s

>
~—

where A 1is a matrix having the variances of the
principal components as diagonal elements and means
that the variances are normalized, I is a unit matrix
having an appropriate size, and x(t) is the tth element

of the matrix X. 1In abnormality monitoring/diagnosis
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to be described later, x{t) is calculated to repliace
process data measured online. Eguations (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.

In addition, thresholds serving as determination
criteria to identify abnormality and normality are se
for the statistics. The sestting method is important
because the set thresholds greatly concern detection
a state change or abnormality sign. However, the
threshold setting method is not relevant to the idea
this embodiment, and only a typical setting method wi
be described.

If no preliminary information exists for past
offline datz, the statistical confidence limit of the
statistic and the statistical confidence limit of the
Hotelling's T< statistic can be used as the default
threshold setting method (literature 5: C. Rosen
"Monitoring Wastewater Treatment Systems”, Lic. Thesi
Dept. of Industrial Electrical Engineering and
Automation, Lund University, Lund, Sweden (1898)}.

This can be written in the following way.

Theoretical equation of Qiipit:

€ "}. /hO
oo 2} /2 A _
Qi imit =61 Ca&oiho ) 4 MQ.M (5)
’ ©1 0,2

- 20,93

ho: = —
3899

O =% *¢1+kpi+e + + g

t
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where p is the number of variables remaining in the
model, cy 1s the shift of standard deviation of the
standard normal distribution when the limit of the
confidence interval is 1 - o {for example: 2.53 when

o = 0.01, and 1.96 when o = 0.05), and A; is the

.

=S

diagonal element of A (that is, ®; is the sum of ith

power of the components included in an error term).

Theoretical equation of T2yipit:

f

where p is the number of variables selected
(= remaining in the model), m is the total number of
variables, F(p, m - p, o) is the F distribuficn when

the degree of freedom is (p, m -~ p), and the cocnfidence

ot

imit is o (often set to 0.01 or 0.05}.

Described above is an examplie of the function of
the abnormality detection data defining unit 54
corresponding to claim 3.

The abnormality detection data contribution amount
defining unit 55 sets eguations to define the
contribution amounts of input variables of each
diagnostic model for the statistics {abnormality
detection data) defined by equations (3) and (4;.

A plurality of contribution amount defining
methods are available. For example, the definition can

be done as follows.

O
h
@]
i
I
eH
ct
l...J..
i
ct
-
9]

Contribution amount

=

Qeont {ny, L) = xTie, nyi TR, ny=g(t, n)y...(7)

rry
—~

(X}
~
—~—
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F o= (I-pPT)

Contribution amount of Hotelling's T2 statistic:

T2cont (n, t) = XT(e)PTA"1p(:, nix(t, n) e (8)
where n i1s the nth variable, and t is a variable
representing a time. Using equations (7) and (8B)
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 @ statistic to the axis.

®

Equation (8) deces not represent a simple projection but
decomposes the T2 statistic well to the sum of the n
variable components.

If abnormality detection data other than the Q
statistic or Hotelling's T2 statistic is used, the
contribution amount needs to be appropriately defined
based on an idea similar o eguation (7) or (8).

When the Mahalanobis distance used in quality
engineering 1s used, the contribution amount can be
defined using sensitivity analysis used in the Taguchi
method,

When applying a clustering method, abnormality

s defined as the distance from the

$ode

detection data
center of the normal class, as described above. This
allows to define the contribution component of each
process variable to the distance as a contribution
amount. For example, abnormality detecticn data is

defined as an Euclidean distance. Letting D be the
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distance from the center of the normal class to the
diagnostic data, decomposition can be done by

D2 = D12 + D22 + D32 + ..t Dn2, Diz where i = 1,
2,..., n is the distance of each component of the
diagnostic data, thereby defining Diz as the
contribution amount.

Llternatively, after abnormality detection, ICA
{Independent Component Analysis) may be used to analyze
which data causes abnormality at high possibility so as
to enable to conseguently extracht some process
variables as abnormality factor candidates without
positively defining the contribufion amount.

Independently of the method to be used, the
abnormality detection data contribution amount defining
unit 55 needs to have a mechanism capable of ranking
the process variables in descending order of
possibility to cause abnormality and outputting them
when abnormality detecticon data calculated in
accordance with the method defined by the abnormality
detection data defining unit 54 1is input for certain
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
abnormality detection data contribution amount defining
unit 55.

The abncermality countermeasure support information
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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,
which is supplied as the 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 candidates are extracted
from the ranked abnormality factor candidate variables
in accordance with a predetermined rule. As the
simplest rule, several (for example, three) abnormality
factor candidates from the top are extracted as the
top-ranked abnormality factor candidates. However,

£

this simplest rule uses only the order information of

ot

the abnormality factor candidates and does not consider
the degree ¢f abnormality. For this reason, a rule to
extract candidate variables having high degrees of
abnormality is more preferable. For example, an
average value p and standard deviation o of the
contribution amounts are calculated. The rule is set
such that a variable whose distance from the avarage p
exceeds ko (for example, k = 3) is extracted as an
abnormality factor candidate. At this time, p and o
can be either calculated for diagnostic target data at
the time of abnormality detection or calculated in

advance from centribution amount data for a
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predetermined period. 1In the former case, some form of
robust processing, such as trimmed averaging or trimmed
variance, for performing calculation after discarding
scme data is preferably performed because abnormality
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 abnormality. At any rate, extracting several
top-ranked abneormality factor candidates is the first
rule defined by the abnormality countermeasure support
information defining unit 36.

Next, a rule is set to classify the extracted
abnormality factor candidate variables into input

variables, output variables, and intermediate variables

shown in FIG. 6. For example, when the definition that
top-three variables are extracted by the first rule is

employed, the three variables are classified into input
variables, outpu: variables, and intermediate variables
by making them correspond to the table of FIG. €. This
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 variable

(vector) out of them, FZ be an intermediate variable

o3
txg

(vector), an

Y be an output wvariable (vectcer).

S

In this case, [] repr

®

se

ju]

ts an empty vector, and

[A Bl represents a vector that connects a vector A and
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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
intermediate 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.

The point 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 to
advise the operator of a countermeasure to take. For
the operator, 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 in and in what
manner the index may change are important. Hence, for
example, an abnormality countermeasure support message
generation rule template as shown in FIGS. 8 and 9 is
created.

Points of the message template are simple
clasgification of the process variables into the input
variables, outpuf variakles, and intermediate variables

without needing special knowledge about the target
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plant and creation of the template solely by using the

table representing the presence/absence of the

~

relationship between the process variables. In

3

addition, the table representing the presence/absence
of 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
support information in an abnormal state in accordance
with the template.

The above-described embodiment corresponds to

oy

claim 7, which is an example of the function of the
abnorma.ity countermeasure support information defining
unit 56.

Construction of the abnormality
monitoring/diagnostic/countermeasure support model by

the abnormality diagnostic model constructiorn unit § is

thus completed in accordance with the above-described

procedure. Next, the abnormaliity

monitoring/diagnostic/countermeasure support unit 7
receives the abnormality
monitoring/diagnostic/countermeasure support model
constructed by the abnormality diagnostic model
construction unit 5, and performs abnormality
detection/factor variable estimation and provides

countermeasure support information.
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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
time or current hereinafter). The abnormality
menitoring/diagnostic/countermeasure support unit 7
monitors the process state using the current data

extracted by the current {online) data extraction unit

~1

I, and if the state has changed, or an abnormality

t.

[

6]

ign has been recognized, detects
The abnormality detection unit 72 extracts data at

che current time corresponding to the variables

registered by the process variable registration unit 2,

nd appropriately normalizes the data using the average

jas)

cr 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 T2 statistic defined by equations (3) and
(4), thereby monitoring the Q statistic or Hotelling's
T? 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 { statistic or Hotelling's
TZ statistic at the current time has exceeded the
thresheold defined by equation ({5) or {6), it is
determined that the process state has changed. This is

an example of the function of the abnormality detection
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unit 72.

When the abnormality detection unit 72 has
detected an abnormality in the process, the abnormality
factor variable separation unit 732 inputs the
abnormality detection data at that time, that 1s, the ¢
statistic and Hotelling's T? statistic of equations (3)
and {4} at that time, thereby calculating the
contribution amounts of eguations (7) and (8). The
process variables are ranked in descending order of the
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 ¢f the abnormality factor variable separaticn
unit 73 correspond to the function of MSPC using normal
PCA itself.

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

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

reference to FIG. 10 using a simple example. Referring
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to FIG. 10, the process variable correlation diagram of
FIG. 6 is simplified and used for ease of
understanding.

Assume that an effluent TP, an alr quantity, and a
dissolved 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 guantity is classified as the input variable
FU. The dissolved oxygen concentraticn DO is
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
unit 56.

n this embodiment, the simplesi case has been

et

described in which the abnormality factor candidate

assified as one output variable FY,

@]
fon

variables FX are
one intermediate variable FZ, and one input variable
FU, and all of them are associated with each other. In
any other case as well, a support message is
automatically provided tc the user such as an operator
via the user interface unit 9 in accordance with the
countermeasure support message template in an abnormal
state defined by the abnormality countermeasure support

information defining unit 56. The function of

o

roviding a message is the function of an embodiment of
e g g
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the abnormality countermeasure support information
providing unit 74. The function of the abnormality
monitoring/diagnostic/countermeasure support unit 7 is
thus completed.

The user to whom the abnormality countermeasure
support information has been provided performs a
certain operation based on the support infermation. In
this case, it is preferable to store a countermeasure
record such as a user operation record. This is the
functiocn of the abnormality countermeasure record
holding unit B. For example, when the user adjusts the

air quantity in accordance with the message, a record

that the air quantity has been adjusted is
automatically stored. In addition, fields that enable
the operator toc input are provided on the user
interface unit 9 so0 as to 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
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
countermeasure has been taken and performing a search
by the manipulated wvariable, the performance index, or

the management item. More preferably, the abnormality
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countermeasure record holding unit 8 has a function of
searching for an operator record by a keyword. This is
an example of the function of an embodiment of the
abnormality countermeasure record holding unit 8.

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,
or management index. More preferably, the abnormality

3 i

countermeasure suppert information providing unit 7

LN

can present, for example, a list of past abnormality
countermeasures for the efiluent phosphorus
concentration, a list of past abnormality
countermeasures in an abnormal state of air guantity,
and a list of past abnormality countermeasures in an
abnormal state of the dissclved oxygen concentration
DO. This is an example of the function corresponding
to claim 8. The function of the abnormality
monitoring/diagnostic/countermeasure support is thus
completed.

As described above, according tc this embodiment,
the process monitoring/diagnostic/support apparatus
comprises fhe abnormality diagnostic model construction
unit 5 and the abnormality
monitoring/diagnostic/countarmeasure support unit 7.

This allows to provide countermeasure support
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information in an abnormal state regardless of the

target process.

More specifically, in the conventional
monitoring/diagnostic method, only abnormality sign
detection and factor variable separation can be
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
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
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 collected by
SCADA or the like without intervening engineering
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 piant operator
or plant manager in an abnormal/unsteady state of a
process regardless of the target process.

In addition, providing the process variable

)

e

classification user interface unit 4 that displays the
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names of n process variables and selects input
veriables, output variables, and intermediate variables
in the process variable classification unit 51 in
accordance with a user operation during the display
allows the user to easily execute process variable
classificaticn on the GUI.

L
rate

In addition, when an equation to gen

]

abnormality detection data is defined using at least
one of PCA (Principal Component Analysis), PLS
(Projection teo Latent Structure/Partial Least Sguare),
PCR {Principal Component Regression), CVA (Canonical
Variate Anaiysis), Mahalanobis distance, robust PCA,
kernel PCA, discriminant analysis, fuzzy C~means
clustering, K-means clustering, 3SVM (Support Vector
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 countermeasure

o
rh

support information in an unsteady state regardless
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
unsteady/abnormal state of a process based on MSPC,
which is a statistical FDI method regquiring no

knowledge concerning the target process.
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In addition, when [a] the contribution amount of
the process variable k {(k =1, 2,..., n) of interest
out of the n process variables is defined by projecting
from abnormality detection data defined by the
abnormality detection data defining unit 34 to a~space
spanned by the process variable k, [b] abnormality
detection data is decomposed to the sum of n
cemponents, and the contribution amount is defined as
the kth component affected only by the process variable
k, or [c] the contribution amount is defined using
independent component analysis, the abnormaiity
detection data contribution amount defining unit 55 can
further systematically provide the above-described
effect of providing countermeasure support information
in an unsteady state regardless of the target process.

When defining correlation informaticon based on the
correlation matrix or principal component loading

matrix of the time series data of the

vy

process

¢t

variables for a predetermined period, the process
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
nultivariate statistical ana.ysis of the abnormality
detection data defining unit 54 perform an operation of

creating a variance-covariance matrix or principal

component loading matrix when creating abnormality
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detection data. It is therefore possible to
mechanically define the relationship between the
process variables solely by slight correction at the
time of diagnostic model construction.

The process variable correlation defining unit 53
has, as correlation information, a table in n rows x n
columns representing the presence/absence or strength
of the correlation between the n process variables.

The process varliable correlation defining interface
unit © can display the table cf 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 to be
corrected are a case in which the above-described
effect of the process monitoring/diagnostic/support
apparatus consiructed 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.

When the second to sixzxth 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 more
detailed form of the above-described effect. 1In
additior, information representing process monitor data

readily affected by the manipulated variable (for
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example, how & performance index such as a discharged
water quality will change in the future} can be
provided to the user.

When the abnormality countermeasure record holding
unit 8 is provided, the plant operator/manager can
refer to the countermeasures taken in past similar
events upon being provided with support information and
easily take a detailed countermeasure.
<Arrangement of Other Embodiments>

EFach of FIGS. 12, 13, and 14 shows an example of a
system arrangement that implements a monitoring system
for a sewage complets treatment process 1 shown 1n
FIG. 1 described in the first embodiment via a
communication path, for example, a public line such as
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
FIG5. 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
terminal 10.

In the arrangement shown in FIG. 12, collection of

data measured by the sewage complete treatment process
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1 and the operations of the manipulated variables by
various kinds of actuators 111 to 115 of the sewage
complete treatment process 1 are executed in the
treatment plant. Other functions are executed via the
communication path by a center apparatus 11 that exists
in a place physically spaced apart.

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
a wired or wireless communication path. Units 3, 4, 5,
6, 7, and 9 are implemented in the center apparatus 11l.
The center apparatus 21 collects, via the communication
path, the time series data of n process variables
stored in the process measurement data

ollection/storage unit 2, and presents the time series
data to the user. When operating an input variable U
in accordance with & user operation, the 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. 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
determination based on the information to a sewage

complete treatment process 1 via the communication path

th

again, unlike FIG. 12. A plurality o
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remote-monitoring operation terminals 10 can exist. A
plurality of plant managers or operators who operate
and manage the sewage complete treatment process 1 can
have the terminals.

That is, the arrangement shown in FIG. 13 further

comprises the remote-monitoring operation terminal 10

connected to an abnormalilty countermeasure support
information providing unit 74 and the sewage complete
treatment process 1 via a wired or wireless
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
variable U in accordance with & user operatiocn, the
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
sophisticated combination of the arrangements shown in
FIGS. 12 and 13. In a sewage complete treatment
process 1, data cellection and manipulated variable
operations are done. A center apparatus 11 performs
diagnosis via the communication path. The center

urality o

"

[ao]

a

[

T

paratus 11 performs diagnosis for a p

5

[
b
=

treatment processes. The arrangement shown in FIX

further comprises a remote-monitoring operation
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terminal 10 so that countermeasure support information
diagnosed by the center apparatus 11 can be transmitted
to the remote-monitoring operation terminal 10 via the
communication path, and an operation command for a
treatment process can be sent from the
remote-monitoring operation 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 treaitment
processes 1, w process measurement data
collection/storage units 2 are provided. The w process
measurement data collecticon/storage units 2 are
individually arranged in the w sewage complete
treatment processes 1. The arrangement further
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 more
remote-monitoring operation terminals 10 individually
connected to an abnormality countermeasure support
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 process measuremant
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
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accordance with the operation of the first user, the
center apparatus 11 transmits the operation signal of
an input variable U tc the sewage complete treatment
process 1 via the communication path. Each
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
74 via the communication path. When operating the
input variable U in accordance with the operation of
rhe second user, each remote-monitoring operation
terminal 10 transmits the operation signal of the input
variable U to the sewage complete treatment process
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 other
embodiments are the same as those of the first
embodiment, and different portions will mainly be
expléined.

The function of the embodiment having the
rrangement shown in FIG. 12 will be described first.
In the center apparatus 11, the process variable
registration unit 3 registers process variables
necessary for constructing an abnormality diagnostic

model, and the registration information is sent to the
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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
model 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 callection/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
a predetermined period extracted by the past (offline)
data extraction unit 52 1s transmitted to the center
apparatus 11 via the communication path. The center

4

apparatus 11 constructs the abnormaiity

Q.

iagnostic
model in accordance with the procedure indicatasd by the
function of the first embodiment.

The abnormality
monitoring/diagnostic/countermeasure support unit 7
performs diagnosis at a diagnostic time (to be referred
o as "current”™ hereinafter). First, the current
{online) data extraction unit 71 in the treatment plant
extracts the current data of the registered 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
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information generation in accordance with the procedurs
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.

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

In the sewage complete treatment process 1, the
manipulated variables are changed automatically or
manually based on the received command informaticn. If
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.

Note that the center apparatus 11 is assumed to be
a computer arranged in a monitoring room 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
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,
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The function of the embodiment having the
arrangament shown in FIG. 13 wiil be described next.

First, in the treatment plant with the sewage
complete treatment process 1, an abnormality diagneostic
model is constructed in accordance with the procedure
indicated by the function of the first embocdiment.
Next, abnormality detection, factor separation, and
support information generation are performed similarly
in the treatment plant with the sewage complete
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 countermeasure support
information is transmitted to the remote-monitoring
opesration terminal 10 held by the plant operatocr 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. In this case,
the countermeasure support information is provided to
the remote-monitoring operation terminals 10 by
broadcast.

The remote-moenitoring operation terminal 10
presents the received countermeasure support
information to the operator or plant manager. The
operator or plant manager determines the

presence/absence of necessity of a manipulated variable
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change based on the countermeasure support information.
If a change 1s necessary, the operatcor cor plant manager
determines the manipulated variable change command and
operates the remote-monitoring operation terminal 10.

The remote-monitoring operation terminal 10 transmits

T

treatment process 1 via the communication path in

{

by
9

cordance with the operation of the operator or plant
manager. I1f a plurality of persons hold the
remote-monitoring operation terminals 10, priority
orders for the manipulated variable command are
preferably set to define a terminal whose command is
preferentially executed. In this method, since only
the countermeasure support information 1s received, the
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 contrel value to be confirmed via
the remote-monitoring operation terminal 10 only upon
receliving countermeasure support Iinformation.

Finally, in the sewage complete treatment process
1, the manipulated variables are changed automatically
or manually based on the received command information.
If the treatment plant is unattended, the manipulated
variables are changed automatically. For a manned

treatment plant, after the operator in the treatment
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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
assume& to be a mobile terminal such as a celliular

phone or a portable PC. However, the remote-monitoring

[0}

operation terminal 10 may be a fixed terminal existing
in a center such as a monitoring rcom that has the
above~described mechanism and exists in a place
physically 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

ccated.

1=

al
This is the function of the embodiment having the

arrangement shown in FIG. 13.

o

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
necessary for constructing an abnarmality diagnostic
model, and the registration information 1s 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
plants from the remote site in a collective manner.
Hence, the preccess variables are registered as many

times as the number of treatment plants. At this time,
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the process variables 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
referred to as needed. A past (offline) data
extraction unit 52 of an abnormality diagnostic model
construction unit 3 and a current {online) data
extraction unit 71 of an abnormality
monitoring/diagnostic/countermeasure support unit 7 are
provided while accompanying a process measurement data
collection/storage unit 2 cn the side of the sewage
complete treatment process 1,

An abnormelity diagnostic model is constructed
next. The time seriles data of registered variables for
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

in accordance with the procedure indicated by the

ot

ian

e

ion of the first embodiment.

ot
|~

func
The abnormality
monitoring/diagnostic/countermeasure support unit 7

performs diagnosis at a diagnostic time (to be referred

to as Ycurrent' hereinafter;. irst, the current
{online) data extraction unit 71 in each treatment

plant extracts the current data of the registered
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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 generation in accordance with the
procedure 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 support operations can be implemented as
one algorithm, except for diagnoestic medel switching.

When countermeasure support information is
generated, the generated information is 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
place other than the monitoring room where the center
apparatus 11 is arranged may have the remote-monitoring
operation terminal 10. In this case, the
countermeasure support information is alsc transmitted
to the plant operator or manager having the
remote~-monitoring operation terminal 10 via the
communication path. FEach of a plurality of operators
or managers may have the remcte-menitoring operation
terminal 10. In this case, the countermeasure support
information is provided to the remote-monitoring
operation terminals 10 by broadcast.

The operator confirms the performance index or

control value of the target process based on the
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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
command and cperates the remote~-monitoring operation

erming . The remote-monitoring operation tTerminal
terminal 10 Th t T g operat :

o

10 transmits the change command information to the

i

sewage complete treatment process 1 via the
communiication path in accordance with the operation of
the operator. If thers is an operator or manager who
holds the remote-monitoring operation terminal 10,
priority orders for the manipulated variakle command
are preferably set to define one of the center
apparatus 11 and the remote-monitoring operation

terminal 10, whose command is preferentially executed.

foed
fod
s

bt

£ a plurality of perscns hold the remcte-monitoring

eration terminals 10, priority orders for the

[o;
T

manipulated variable command are preferably set to
define a terminal whose command is preferentially
executed.

Finally, in the sewage complete treatment process
1, the manipulated variables are changed automatically
or manually based on the received command information.
If the treatment plant is unattended, the manipulated
variables are changsd automatically. For a manned
treatment plant, after the operator in the treatment

plant confirms the command information, the manipulated



st

et
L

B
Ut

variables are changed manually or automatically.

This 1s the function of the embociment having the
arrangement shown in FIG, 14,

The effects of the embodiments having the
arrangement 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 treatment plant and the

lant 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 1s oriented to reduce the calculation load on
the center side in the mechanism of FIG. 12, even a
simple portable terminal which cannot handle a heavy
calculation load can communicate information in an
abnormal state, which is critical in process

monitoring, and execute a countermeasure against it

iy

rom a remote site, in addition to the effects of the

5

first embodiment. Since the communication path is used

P

only in an abnormal state, the load on the

communication path can also be reduced simultaneously.
This contributes to avoilding traffic congestion on the
communication path. Additionally, even in the case of

traffic congestion, communication of important

e
[

~formation (information in an abnormal state) can
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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 from the target
plant, and traffic congestion on the communication path
is expected, an important abnormality that has occcurred

n the target process can be detected, and a

fore

countermeasure against 1t can be taken (however,

monitoring the time series data of all process

1]

variables under measurement is abandoned as a rssult).

v
had

[t

According to the arrangement shown in G. 14,
since it is oriented to further divide the functions of
the arrangements in FIGS. 1Z and 13 and monitor a
plurality of treatment plants in a collective manner,
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 a
few monitoring rooms can execute
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
of the plants can be performed.

According to at least one of the above-described

embodiments, the process monitoring/diagnostic/support



15

- 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
information in an abnormal state regardless of a target

process,

(9}

=

thile 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
inventions. 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 departing from the spirit of tcthe
inventions. The accompanying claims and their
equivalents are intended to cover such forms or
medifications as would fall within the scope and spirit

of the inventions.



o

WHAT 1S CLAIMED IS:
1. A process monitoring/diagnostic/support
apparatus comprising:

A

data collection/storage means for collecting time

®

series data of n (n 2 2) rocess variables representing
meastursment resulfs from n sensors for measuring a
guantity of state or a manipulated variable of a target
process and storing the time series data;

process variable classification means for storing
classification information representing a result of
classifying the n process variables into p (1 £ p < n)
ouzput variables Y that are the gquantities of states

and represent performance indices, L (1 £ L < nj) input

variables U representing the manipulated variables, and

o3
ot
s
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ct
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@

m (0 £ m < n) intermediate variables
guantities of states and represent control/monitor
values;

process variable correlation defining means for
defining, from the classification information and the
time series data of the n process varlables for a

predetermined period, correlation information

=

epresenting correlation between the n process
variables including the classification result;
abnormality detection data defining means for
defining an equation to ge=nerate g (1 £ g << n)
abnormality detection data less than n and &

3

determination criterion to determine one of
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presence/absence and a strength of an abnormality based

on the abnormality detection data from the time series

Q.
8]
In2

a of the n process variables for the predetermined

e

£

perioc

~e

abnormality detection data contribution amount
defining means for defining a contribution amount of
each plece of the time series data of the n process
variables to the abnormality detsction date;

abnormality countermeasure support information
defining means for defining a first rule to extract a

etermined number of “op-ranked abnormality factor

T

ndidate variables out of abnormality factor candidate

riables that are process variables as abnormality
Factor candidates in an abnormal state, a second rule
to clagsify the extracted abnormality factor candidate
variables into the output variables Y, the input
variables U, and the intermediate variables Z based on
Qorrelation information, and a third rule to provide
countermeasure support information including a message
to support a countermessure in the abnormal state based
on the classification result;

amﬁo*ma'luy detection means for generating the

abnormality detection data corresponding to the time

series data

o

t 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

abnermality detection data defining means and
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diagnosing the presence/absence of an zbnormality in
the data at the predetermined time based on the
abnormality detection data;

abnormality factor variable separation means for,

¢t

when an abrnormality 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

jol]

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 couniermeasure

suppcrt information based on the separated and

[

s, tha

o

extracted gbnormality factor candidate variab
correiation information, the second rule, and the third
rule.

2. The apparatus according to claim 1, further
comprising process variable classification user
interface means for digplaying names of the n process
variables and selecting the input variables, the output
variables, and the intermediate variables in the
process variable classification means in accordance
with a user operation during digplay.

3. The apparatus according to claim 1, wherein

the abnormality detection data defining means defines



the eguation to generate the abnormality detection data

-
o

using at least one of a principal component analysis

(PCA}, a projection to latent structure/partial leas
a

Square (PLS), a principal component regression (PCR),
iate analysis (CVA), a mahalanobis

=

5 cancnical va
a kernel PCA, a discriminant

robust PCA,

fuzzy C-means clustering, a K-means
(SVM), a relevance

distance, a

F=
=

@

alysi

r

=’

a
clustering, a support vector machine
vector machine (RVM), and a subspace method.
10 4. The apparatus according to claim 3, whersin

“he abnormality detection data contribution amount

defining means defines the contribution amount of a
of interest

5 n)

(k =1, 2,...,

one of [a] projecting from

process variable k
the n process variables by

the abnormality detection data defined by the
fining means to a

space

abnormality detection data de
[b} decomposing the

spanned by the process variable k,
abnormality detection data to a sum of n components SO

as to cdefine the contribution amount as a kth component

b

y the process variable k, and [c] using

20 affected only
independent component analysis.
5 The apparatus according to claim 1, wherein

J.
the process variable correlation defining means defines

a

1y

the correlation information based on one o
correlation matrix and a principal component loading

25
the time series data ©f the n process

matriz oI
or the predetermined period.

b4y

variables
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6. The apparatus according to claim 1, wherein
the process variable correlation defining means has, as
the correlation informationrn, a table in n rows X n
columns representing one of the presence/absence and
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
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

variables U, output factor variables FY belonging to

%

he output variables Y, and intermediate factor

rariables FZ belor
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based on the classification information, and

the third rule includss

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
confirm and revise a value of the input variable U
defined by the correlation information to be correlated

with the output factor variable FY,
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a fifth rule B to, when the 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 Zfrom a
normal 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 ocutput variable Y defined by the

on information to be correlated with th

)
-

input

fe

correlat
factor variable FU has a possibility of deterioration
in the future, and

a sixth rule C to, when the abnormality factor
candidate variables inciude only the intermediate
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 ¥ defined by the correlation
information to be correlated with the intermediate
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
after the countermeasure support information provided
by the abnormality countermeasure support information

providing means has been presented,
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when the countermeasure support infoimation is
provided, the abnormality countermeasure record holding
means presenting the countermeasure support information
and values of the input variables U, wvalues of the
output 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
holding means continucusly recording operation records
of the input variables U as the operatiocn performed by
the user, the values of the output variables Y, and the
vaiues of the intermediate variables Z.

9. The apparatus according to claim 1, further
comprising & center apparatus connected to the data

red or wireless

ot

collection/storage means via a w
communication path,

wherein the process variable classification means,
the process variable correlation defining means, the
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 separaticon means, and
the abnormality countermeasure support information
providing means are implemented in the center

paratus, and

]
ko]
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the center apparatus collects, via the
communication path, the time series data of the n
process variables stored in the data collection/storage
means and presents the time series data to the user,
and when operating the input variable U in 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 accerding to c¢laim 1, further
comprising & 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

the user, the countermeasure support information

ot

provided from the abnormallty countermeasure suppor
information providing means via the communication path
and, when operating the input variable U in accordance
with the user operation, transmitting an operation
signal of the input variable U zo 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 collection/steorage means are provided
and individually arranged in the w target processes,

the apparatus further comprises:

a center apparatus connected to the data
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collection/storage means vis a wired or wireless
communication path; and

not less than w monitoring operation terminals
individually connected to the abnormality
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
process variables stored 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
variable U to the target processes via the
communication path, and

each of the monitoring operation terminals
presents, to a second user, the countermeasure support
information provided from the abnormality
countermeasure support information providing mesans 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
communication path.

L2. A computer-readable storage medium sto:

[t
}—J
o]
Q2
o

program to be executed by a processor of a pro

0
@
o
n
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monitoring/diagnostic/support apparatus including a
memery, comprising:

a first program code that causes the processor to
execute processing of collecting time series data of 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 (L £ p < n) output variables Y
that are the guantities 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
gquantities of states and represent control/monitor
values;

a third program code that causes the processor to
exacute 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

rocess variables including the classification result;

U
e

a fourth program code that causes the processor to
execute abnormality detection data defining processing

of defining an sguation 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 abrnormality based
on the abnormality detection data from fthe time serie
data of the n process variables for the predetermine
period;

a fifth program code that causes the processor to
execute processing of defining a contribution amount oOFf
each pilece of the time series data of the n process
varliables 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 abnormality factor
candidate variables out of abnormality factor candidate
variables that are process variables as abnormality

factor candidates in an abnormal state, a second rules

53]

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 support information including a message
Lo sSupport a countermeasure in the abnormal state based
on the classification result;

a seventh program code that causes the processcr
fo execute processing of generating the 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 cf 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 exists as
a result of the diagnosis, calculating the contribution
amount of the time series data at the predetermined

time based cn a definition of the contribution amount

81

and separating and extracting the abnormality facto

candidate variables from the time seriss data at th

¢F
a2
1

predetermined time based on the calculated contribution
amount and the first rule; and
a ninth program code that causes the processor to

execure processing of providing the countermeasure

v}
ot
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O
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c
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rmation based on the separated and

extracted abnormality factor candidate variables, the

(=N

correlation information, the second rule, and thne third

rule.
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ABSTRACT (FIG. 1)
“PROCESS MONITCORING/DIAGNOSTIC/SUPPORT APPARATUS”
Accerding to one empodiment, the abnormality

detection means generates the abnormality detection
data corresponding to the time series data at a
predetermined time and diagnose the presence/absence of
an abnormality in the data at the predetermined time.
The abnormality factor variable separation means
separates and extracts the abnormality factor candidate
variables from the time serles data at the
predezermined time. The abnormality countermeasure
support information providing means provides the
cecuntermeasure support information based on the
separated and extracted abnormality factor candidate
variables, the correlation information, the second

rule, and the third rule.



