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In ind
dustrial plantss, a multi-age
ent diagnosticc system usin
ng machine learning with high discrimination
perforrmance to pre
event the recu
urrence of acc
cidents are de
esired becausse the damages to the com
mpany,
industtrial world, an
nd humans are
e serious if an accident occcurs. Howeve
er, machine le
earning needss to be
optimised according
g to the targe
et, e.g. a plantt operating condition diagno
osis. Thus, we
e propose a method
m
that selects process signals to o
optimise the performance of
o a diagnosticc machine for a plant using factor
analyssis and decision-tree ana
alysis. A featture of our optimisation method is th
hat it accoun
nts for
combinations of prrocess signalss. Further, an
n advantage of our metho
od is that the
e time to crea
ate an
optimised diagnostiic machine is short.
s
The dia
agnostic machines need to be
b updated in a limited perio
od, e.g.
plant equipment rep
pair, which ch
hanges regular process valu
ues. Another advantage
a
is that
t
our metho
od can
be ap
pplied to various learning machines
m
to im
mprove perform
mance. This advantage
a
allo
ows the desig
gner of
the diagnostic syste
em to use the
e best machin
ne-learning me
ethod on each
h diagnostic machine.
m
This paper
reportts our methodology, our pro
oposed metho
od, and the exxperimental results where a diagnostic machine
was improved by 5.3%
5
to 98.8%
% from 93.5%
% abnormalityy detection ac
ccuracy when
n our method which
implem
mented a sup
pport vector machine was applied to the d
diagnostic ma
achine to detect the blockag
ge of a
pipe in
n the desulfurisation processs in a chemiccal plant simula
ator.

1. Inttroduction
Studie
es using mach
hine learning to diagnose an
a operating condition
c
by an
nalysing a pro
ocess signal (below,
signall) in an industtrial plant have
e been widelyy performed to
o prevent the recurrence off accidents (W
Widodo,
2007, Ardi, 2009, Munesawa, 2013).
2
Machin
ne-learning me
ethods are ge
enerally supe
erior to conventional
metho
ods such as principal
p
comp
ponent analys
sis (PCA) or methods
m
of de
etection by thrresholds. The
erefore,
researchers have studied
s
machin
ne learning to
o diagnose pla
ant operating conditions
c
more effectively. There
are tw
wo types of machine-learn
ning methods
s. One is sup
pervised macchine learning
g, and the otther is
unsup
pervised machine learning. Unless statted otherwise
e, ‘machine le
earning’ in th
his paper’ reffers to
‘superrvised machin
ne learning’ such as a suppo
ort vector macchine (SVM) (V
Vapnik, 1995).
Howe
ever, there is a problem in improving the
e performance
e of machine learning. The
ere are two tyypes of
abilitie
es in machine
e learning. One
e is the classiification abilityy to detect a known
k
abnorm
mal condition (below,
(
abnorrmal condition); the other iss the generalissation ability tto detect an unknown
u
abno
ormal condition. The
proble
em is that the improvement of these two abilities
a
is excclusive.
To so
olve this proble
em, a multi-ag
gent diagnostic system (MA
ADS), e.g. hyb
brid fault diagn
nosis, is used (Akio,
2013)). One conve
entional diagn
nostic machine is responssible for the two roles of generalisatio
on and
classification. Howe
ever, improvement of both the classification and gene
eralisation perrformance is difficult
d
owing
g to the exclussive performan
nce limitationss. The advanta
age of an MADS is that it can separate the two
roles of generalisattion and classsification in a one diagnostic machine because
b
an MADS
M
can havve two
group
ps with diagno
ostic machine
es which are responsible for
f either clas
ssification or generalisation
n. This
advan
ntage overcom
mes the exclusive limitation
n of machine learning beca
ause it allows diagnostic machine
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specialisation to improve the performance of either classification or generalisation. In addition, a
framework can install the diagnostic machines created by various types of machine learning, allowing the
designer of the diagnostic system to select the best machine-learning techniques for diagnosis.
There are some methods to improve the diagnostic performance of MADSs, such as the method proposed
by Hiroyasu (2008) which improves the both classification and generalisation, but the MADS allows the
diagnostic machine to improve only either classification or generalisation by the separation of roles. The
method proposed by You (2009) changes the internal mechanism; however, this method cannot be
applied to other machine-learning techniques. In addition, there is no method that can optimise the
classification performance on the basis of multiple combinations of signals. The optimisation needs to be
maximised as much as possible within the limited maintenance time. Furthermore, optimisation is
desirable for the applications of various types of machine learning.
Therefore, we propose a method to optimise the performance of a diagnostic system for an MADS. Our
method aims at optimising the classification performance considering signal combinations to complete the
optimisation within a limited time as soon as possible. In addition, our method has features which can be
applied to diagnostic machines of various types of machine learning. We report our methodology, the
proposed signal selection method, and the results of the evaluation experiments.

2. Our methodology
A machine-learning diagnostic machine is a calculator which can classify an operating condition ( Normal /
Abnormal ) according to the input signal value. The machine learning has a feature when the value ranges
of the signal are more clearly separated according to the operating condition, a greater improvement in the
classification performance of a diagnostic machine which created from these signals is realised. The
performance of this diagnostic machine can be expected to be higher in case that generating a diagnostic
machine by using signals which range are separated in accordance with the operating conditions.
Therefore, our method uses factor analysis to find the signals which ranges are separated by operating
condition. The factor analysis is a method to measure the factor loadings as correlation values at each
factor, which are useful to find a group of common factor. A higher contribution rate for a factor indicates
that signals included in it are more similar. The number of signals which the displacements were changed
according to the time of an abnormality occurrence ought be most because the change of the process
value propagates to the other signals. Therefore, our optimizing method selects the signals of the highest
contribution rates which has a lot of signals which values changes according to the timing of an accident
occurrances to make the best diagnostic machine.
In addition, Our method selects signals which selected by factor analysis according to the performance of
the diagnostic machines created from combinations of multiple their signals. The diagnostic performance
of the diagnostic machine is determined by a multi-dimensional mapping space (MDMS) made from
beneficial combinations of signals. The performance of the diagnostic machine declines if the MDMS of it
is generated by the signals involves noise. The way to measure the benefit of the combination of signals
for diagnosis have no choice but to measure the performance of the diagnostic machine made from the
combination of signals every time its combination changed. Therefore, the time which to obtain the most
beneficial combination of signals by measuring performance of all diagnostic machine is increases
exponentially in proportion with the number of signal combinations.
Thus, our method measures the diagnostic perfomance of the combinations of a few signals and finds the
beneficial signal combination by decision-tree analysis. The decision-tree analysis is a method of grouping
targets by the values of each attribute of the target by creating a decision tree. Our method uses decisiontree analysis to find signal groups with a high model score according to relationship between the model
scores and a few signals.
2.1 Model score
This section explains the model score, which is the diagnostic performance score of a diagnostic machine.
The model score is an average of the percentage of correct answers in the diagnosis of normal and
abnormal operating conditions. The model score is calculated by Eq(1).
=

1
＋

+

(1)

and
are the total numbers of recorded normal and abnormal conditions, respectively;
In Eq(1),
are the recorded numbers of answers for the diagnosis of normal and abnormal conditions which
and
and
are the weight coefficients. In this study,
= . If a diagnostic
were correct, respectively; and
should be large.
machine which detects abnormalities more correctly is desired,
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3. Method
The proposed method consists of two steps. Before explaining the algorithm of our method, we define the
following variables. process signals are defined as (1 ≤ ≤ ). The values of each (1 ≤ ≤ ) time
, the plant operating conditions of each time step are defined as , and the
step in are defined as
is defined as a 2D vector ( , … ,
, ) consisting of as an explanatory variable and as
data set
an objective variable. A function ( ) returns a model score which is calculated by evaluating each
by the diagnostic machine created from .
record of each time stamp in
3.1 Step 1
Step 1 of our method selects beneficial signals to find signals of which values change following an
abnormality occurence by factor analysis and decision-tree analysis.
Step 1-1 Normalisation
The value range of each signal is different. This normalisation process changes the value range of signals
to one where an average of zero and a variance is applied to
to obtain the correct results from the
factor analysis. The normalisation is defined as Eq(2).
=

−
( )

(2)

In Eq(2), ( ) is the standard deviation, and is the average of the value
was normalised, which consists of the vector ( , … ,
the data set in which

,

in each signal
).

.

is

Step 1-2 Applying the factor analysis
The factor analysis needs to set the number of factors as an analysing parameter. The contribution
rates are defined as (1 ≤ ≤ , ≥ ≥ ⋯ ≥ ) of each factor . increases one by one gradually
and is determined when ∑
is larger than the threshold ℎ. The factor analysis of the varimax rotation
which calculates the factor loadings
of each signal of each factor .
method is applied to
Step 1-3 Grouping the process signals
which
A decision-tree analysis is applied to the absolute values of the factor loadings on the factor
has the highest contribution rate . The signals classified into a leaf nodes, which are the end point of the
(1 ≤ ℎ ≤
) . Here,
is defined as the number of the groups.
decision tree, are defined as
Step 1-4 Calculation of the base model score
The base model score
is (
).
Step 1-5 Calculation of the model scores of each leaf node.
(1 ≤ ℎ ≤
) are (
).
The model scores
Step 1-6 Exclusion of invalid process signals
of which the value
are smaller than
are removed. The remaining signals
Signals of the groups
and analysed in Step 2. The number of remaining signals in
is defined as .
are defined as
3.2 Step 2
Step 2 of our method selects the beneficial signals by measuring strictly the model score of the diagnostic
machines created from a combination of signals.
Step 2-1 Calculation of the base model score
The base model score
is calculated from

(

).

Step 2-2 Evaluation of the diagnostic performance from the combination of two signals
(
, 2) (1 ≤ o ≤ =
) are combinations of two signals selected from
.
Signal combinations
(
The data set
is defined as the vector (
, 2) , ).The model scores
are calculated from
(
(
(
(
).
is defined as the vector {(
, 2) , M ), (
, 2) , M ),…, (
, 2) , M )}.
Step 2-3 Application of the decision-tree analysis
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A deccision-tree ana
alysis is applie
ed to
, and the decision tree
t
is obtaine
ed. The numbe
er of the leaf node
n
is
define
ed as .The leaf nodes of the decision tree
t
are define
ed as
(1 ≤ ≤ ). The model scoress of the
signalls of each leaff node
are defined as
.
Step 2-4
2 Selection of the beneficcial signals
The selected signalls S of which
are greatter than
S |

a selected ass in Eq(3).
are
(3)

4. Ex
xperimental evaluation
An exxperimental evaluation
e
wass carried out to measure the performa
ance of the optimisation
o
an
nd the
effectiveness of ourr method applied to an assu
umed accidentt in an industrrial plant.
4.1 Ex
xperimental environment
e
The d
decision-tree analysis used
d a method based
b
on the
e CART algorrithm. The SV
VM method was
w
Cclassification, and the
t kernel of the
t SVM wass the RBF algo
orithm. An script for the evvaluation expe
eriment
was ccreated by the
e R language ver. 2.15.3 in
n Windows 7. The decision-tree analyses were execu
uted by
the mvpart plug-in of
o the R language. The SVM
M methods we
ere executed by
b the e1071 plug-in.
p
4.2 Prrocess details
The e
experimental evaluation was performed
d for the dessulfurisation process
p
shown
n in Figure 1.
1 The
desulffurisation proccess is a proccess that sepa
arates the inp
put material LP
PG into propa
ane and butan
ne in a
petrocchemical plant. The materia
al is separated
d by a vapor–
–liquid equilibrrium operation
n as steam bo
oils the
materrial in a reboile
er located in the
t bottom of the tower. Th
he light distilla
ate separated from the material is
extraccted from the top
t of the towe
er by cooling using
u
a heat exchanger.
e
A part
p of the ligh
ht distillate retu
urns to
the distillation colu
umn in reflux.. The heavy fraction is discharged from
m the bottom
m of the towe
er. The
catego
ories of the se
ensors in Figure 1 are descrribed in Table 1.
Heat
H
e
exchanger
LPG
Distillation
column

Rebo
oiler

Flash
tank
Q3
3105

Propane

The piping blo
ockage
begins

Accident
occurred
Butan
ne

Steam

Figure 1: Process of de
esulfurisation

F
Figure
2: Profifile of Q3105

Table 1: Process siignals in desullfurisation process
Type of process sig
gnal
Flow ssensor
Liquid
d level sensor
Conce
entration senssor
Presssure sensor
Temp
perature senso
or

Name off process signal
FI3101,, FI3102, FI3103, FI3104, FI3105
F
LI3101,, LI3102, LI310
03
i105, i106, QI3105
PI3101, PI3102, PI31
103, PI3104, P
PI3105
TI3101,, TI3102, TI3103, TI3104, TI3105,
T
TI3106
6

4.3 As
ssumed abno
ormal conditions
It is asssumed that the
e adhesion of impurities cau
uses a piping blockage
b
that inhibits the prropane flow fro
om the
flash ta
ank to the distillation colum
mn. This accid
dent supposess to occur ne
ear a concentration meter Q3105
Q
located at near the safety
s
valve on the propane
e flow. The meter
m
shows th
he concentratiion of propane
e flow,
which iss an inflow intto the distillation column. Figure 2 showss the profile of the Q3105 concentration
meter.
c
In Figurre 2 the proce
ess value beg
gins at about 98.2%
9
as stea
ady-state. The
e piping block
kage as abnormality
nd
nd
begins at the 502 index where a vertical line drawn in Figure
F
2. The 502 index begins the gradual
g
nd
decreasse of the mate
erial and the 4000 begins the
t rapid decrrease of the material
m
suddenly. We aims for our
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propose
ed system to detect the an
nomaly before
e the value off concentration in Q3105 iss less than 98
8%, at
which the distillate can
c
no longer be shipped as
a product. Th
he process siignals were acquired
a
from Visual
Modeler ver. 2.4 as a chemical plant simulator. The
T sampling rate of the sim
mulation was about
a
1–2 s.
4.4 Ap
pplying our method
m
Step 1--1 was applie
ed to normalisse
and ob
btains
. A factor analy
ysis with = 4 determined when
ℎ ≥ 90
0 was applied to D accordiing to Step 1--2. The factor analysis conttribution ratess were C =11.2% at
,C =
=6.3% at , C =4.5% at , and C =4%
% at . Accorrding to Step 1-3, a decisio
on-tree analyssis was
applied to the absolu
ute value of the factor load
ding which has the highe
est . These results create
ed two
groups. Signall group
co
onsists of seve
en signals: FI3
3101, LI3101, LI3102, LI3103, PI3101, PI3102,
P
signal g
and TI3
3106, which arre shown in Figure 3.
c
consists
of 15 signals: FI310
02, FI3103, FI3104, FI3105
5, i105,
i106, Q
QI3105, PI3103
3, PI3104, PI3
3105, TI3101, TI3102, TI3103, TI3104, and TI3105, which are sho
own in
Figure 4. Step 1-4 calculated th
he base mod
del score
as 0.935 (
= 1.0 ,
= 0.867 ), as
calculatted from
= 1), and

(

). Accordin
ng to Step 1--5,
of
o the evaluate
ed signals in

of the evaluated sig
gnals in
was 0.952 (

= 1,

w
was
0.5 (

= 0.903
3). According to
t Step

1-6, the
e signals in
were removved because the
t model sco
ore
= 0.5 was
w smaller than
in
remained for Step
S
2, and
was defined
d as a 2D vecttor (S ∈ SG , ).

ure 3: Profile of signals of the
e group SG1
Figu

= 0,

. The signals
s

Fi
Figure
4: Profile
e of signals off the group SG
G2

2-1 calculated
d a model sco
ore M = 0.95
52, which is M(D
M
). Accord
ding to Step 2-2,
2 combinatiions of
Step 2
(
two ssignals
(
, 2) totalling
g 105(=
) were create
ed.
was consist
c
of (
, 2), ) . The
model score
was calculated from
. Ste
ep 2-3 makes a decisison-tre
ee analysis ap
pplied to
. Figure
ows the resultts of the decission-tree anallysis. The leaf nodes
,
= 6, consisst of nodes 6–11
6
in
5 sho
Table 5.
was ca
alculated from
m each
. Ste
ep 2-4 selecte
ed the beneficcial signals in nodes 6, 7, 10, and
11 in
because the model scores
of the
e signals of ea
ach node 6, 7, 10, and 11 were
w
larger tha
an
.
The 11 signals sele
ected as an an
nswer were: FI3102,
F
FI3103, FI3104, FI3
3105, i105, i10
06, PI3103, PI3104,
P
PI310
05, TI3104, an
nd TI3105. Th
he model sco
ore was 0.998
8 (
= 1,
= 0.99
96) on an opttimised
diagno
ostic machine
e. Our method improved the model score by 0.053 from
m 0.935 to 0.98
88.
Table 5: Results off decision-tree analysis.
N=10
05, format: nu
um. of node), split, n, devian
nce, yval * den
notes terminal node
1) ro
oot 105 3.8593
349e-02 0.986
69138
├ 2)) Signal1=QI3105, TI3101, TI3102,
T
TI310
03 6 1.644991e
e-03 0.917363
34
│ ├ 4) Signal2=T
TI3101, TI3102
2, TI3103, 6 1.644991e-03 0.9173634
│ │ ├ 8) Signal1=TI3101, 2 4..314610e-07 0.8966558
0
│ │ └ 9) Signal1=QI3105, TI3102 4 3.58153
34e-04 0.9277
7171
│ └ 5) Signal2=P
PI3103, PI3104
4, PI3105, TI3
3104, TI3105 9 2.904812e-0
03 0.9808660
│
├ 10) Signall2=TI3104 3 469038e-04
4
0.9565722
│
└ 11) Signall2=PI3103, PI3104, PI3105, TI3105 6 2.0
055057e-06 0.9930129
└ 3)) Signal1=FI31
102, FI3103, FI3104,
F
FI3105
5, i105, i106, PI3103,
│
PI3104,PI3105,T
TI3103, TI3104
4 90 2.218348
8e-03 0.9921553
├ 6) Signal1=T
TI3103 2 6.312
2550e-04 0.97
7562671
└ 7) Signal1=F
FI3102, FI3103
3, FI3104, FI3
3105, i105, i10
06, PI3103, PI3
3104, PI3105,
T
TI3104
88 1.00
03705e-03 0.9
9925391
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5. Discussion
Step 1 of our method selected 15 beneficial signals of which the model score was 0.952, which is 0.017
= 0.935, which evaluated all signals. Step 2 of our method selected
higher than the base model score
=
11 signals of which the model score was 0.988, which is 0.053 higher than the base model score
0.935. Therefore, our method could improve the classification performance by 5.3%. A total of 22 signals
were reduced to 11 signals. The reason why the signals of SG in Figure 3, which had low factor loadings,
are removed to use for the detection of abnormalities is because almost all of the displacements of the
signals did not change between the normal and abnormal conditions. In contrast, the signals of SG
showed in Figure 4, which had high factor loadings, are beneficial for the detection of abnormalities
because the displacements of the signals were separated for each normal and abnormal condition. We
concluded that the factor analysis allows beneficial signals to be obtained easily and quickly.
Step 2 removed signals QI3105, TI3101, TI3102, and TI3103. The displacements of these signals are
difficult for the detection of abnormalities because they might change very slowly from when the pipe
blocking accident occurs Furthermore, the displacement of QI3105 might have returned to the initial level
of displacement. This research revealed that the signals of which the displacement changes slowly or back
to the source level of the displacement are not beneficial.

6. Conclusion
We proposed a method to select process signals to improve the classification performance of a diagnostic
machine created from machine learning to detect abnormal operational conditions. Our method uses factor
and decision-tree analyses to select signals and can be applied to various types of machine learning. In
addition, our method has a mechanism to improve the performance considering combinations of signals.
The evaluation results for our proposed method applied to a piping blockage accident in the flow process
showed that the classification accuracy was improved by 5.3%. Our future work will evaluate whether or
not our multi-agent diagnostic machine implemented with our optimised diagnostic machines is able to
diagnose abnormalities individually and correctly.
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