
 

VOL.

Guest E
Copyrig
ISBN 9

 

Dia

Hirot
a Grad
b Engin
c NTT 
minow

In ind
perfor
indust
optim
that s
analys
comb
optim
plant 
be ap
the di
report
was i
implem
pipe in

1. Int

Studie
signal
2007,
metho
resea
are tw
unsup
‘super
Howe
abilitie
abnor
proble
To so
2013)
classi
owing
roles 
group
advan

 CHE

. 36, 2014 
Editors: Valerio Co
ght © 2014, AIDIC
978-88-95608-27-

Metho
agnostic 

tsugu Mino

uate School of 
neering Departm
Comware Corp

wa-h@okayama-

dustrial plants
rmance to pre
trial world, an
ised according
elects proces
sis and deci
inations of pr
ised diagnosti
equipment rep

pplied to vario
agnostic syste
ts our method
mproved by 5
mented a sup
n the desulfur

troduction 

es using mach
l) in an indust
 Ardi, 2009, 

ods such as p
rchers have s
wo types of 
pervised mac
rvised machin

ever, there is 
es in machine
rmal condition
em is that the 
olve this proble
). One conve
fication. Howe

g to the exclus
of generalisat

ps with diagno
ntage overcom

EMICAL EN

ozzani, Eddy de Ra
C Servizi S.r.l., 
3; ISSN 2283-92

od of Se
Machin
Plant Us

owa*a, Yos

Natural Science
ment, Hiroshima
oration, Tokyo, 
-u.ac.jp 

s, a multi-age
event the recu
nd humans are
g to the targe
s signals to o
sion-tree ana
rocess signals
ic machine is s
pair, which ch
us learning m
em to use the
ology, our pro
5.3% to 98.8%

pport vector m
isation proces

hine learning 
trial plant have
Munesawa, 2

principal comp
studied machin
machine-learn
hine learning

ne learning’ su
a problem in 

e learning. One
); the other is
improvement 
em, a multi-ag
entional diagn
ever, improve
sive performan
tion and class
ostic machine
mes the exclu

NGINEERI

ademaeker

16 

electing 
nes Optim
sing a S

shiomi Mun

e and Technolog
a Institute of Tec
Japan 

ent diagnostic
urrence of acc
e serious if a

et, e.g. a plant
optimise the p
alysis. A feat
s. Further, an
short. The dia

hanges regula
machines to im
e best machin
oposed metho
% from 93.5%
achine was a

ss in a chemic

to diagnose a
e been widely
2013). Machin
ponent analys
ne learning to
ning methods
. Unless stat
ch as a suppo
improving the
e is the classi
s the generalis
of these two a

gent diagnosti
nostic machin
ment of both 
nce limitations
sification in a 

es which are
sive limitation

ING TRAN

Process
mised to

Support V

nesawab, Y

gy, Okayama U
chnology, Hiros

c system usin
cidents are de
n accident oc
t operating co
erformance o
ture of our 
n advantage 

agnostic mach
r process valu

mprove perform
ne-learning me
od, and the ex
% abnormality
pplied to the d

cal plant simula

an operating c
y performed to
ne-learning me
sis (PCA) or m
o diagnose pla
s. One is sup
ted otherwise
ort vector mac
e performance
ification ability
sation ability t
abilities is exc
c system (MA
e is respons
the classifica

s. The advanta
one diagnos
responsible f

n of machine 

NSACTION

s Signal
o Detect
Vector M

Yuichiro Fu

University, Okaya
shima, Japan 

ng machine l
esired becaus
ccurs. Howeve
ndition diagno

of a diagnostic
optimisation 
of our metho
ines need to b

ues. Another a
mance. This a
ethod on each
xperimental re
y detection ac
diagnostic ma
ator. 

condition by an
o prevent the 
ethods are ge

methods of de
ant operating c
pervised mac

e, ‘machine le
chine (SVM) (V
e of machine 
y to detect a k
to detect an u

clusive. 
ADS), e.g. hyb
sible for the 
tion and gene
age of an MA
tic machine b
for either clas
learning beca

  NS

o

s for Cre
t Abnorm
Machine

urutac, Akio

ama, Japan 

earning with 
se the damag
er, machine le
osis. Thus, we
c machine for 
method is th

od is that the
be updated in 
advantage is t
advantage allo
h diagnostic m
sults where a 
ccuracy when
achine to dete

nalysing a pro
recurrence of 
enerally supe
etection by thr
conditions mo
chine learning
earning’ in th
Vapnik, 1995)
learning. The

known abnorm
unknown abno

brid fault diagn
two roles of 

eralisation per
DS is that it c
because an M
ssification or 
ause it allows 

A publica

The Italian Asso
of Chemical Engin

www.aidi

eating 
malities 
e 

o Gofukua 

high discrim
es to the com

earning needs
e propose a m
a plant using

hat it accoun
e time to crea
a limited perio

that our metho
ows the desig
machine. This 

diagnostic m
n our method 
ct the blockag

ocess signal (
f accidents (W
erior to conve
resholds. The
re effectively. 

g, and the ot
his paper’ ref
. 

ere are two ty
mal condition (
ormal conditio

nosis, is used
generalisatio

rformance is d
an separate t

MADS can hav
generalisation
diagnostic m

ation of 

ociation 
neering 
ic.it/cet 

in a 

ination 
mpany, 
s to be 
method 
 factor 

nts for 
ate an 
od, e.g. 
od can 
gner of 
 paper 
achine 
which 

ge of a 

below, 
Widodo, 

ntional 
erefore, 

There 
ther is 
fers to 

ypes of 
(below, 
n. The 

 (Akio, 
on and 
difficult 
he two 
ve two 
n. This 
achine 

                                                                                                                                                      

 

 

 

 

        DOI: 10.3303/CET1436035 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Please cite this article as: Minowa H., Munesawa Y., Furuta Y., Gofuku A., 2014, Method of selecting process signals for creating 
diagnostic machine optimized to detect an abnormalities in a plant using support vector machine, Chemical Engineering Transactions, 36, 
205-210  DOI: 10.3303/CET1436035

205



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 decision-
tree 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) 

In Eq(1),  and  are the total numbers of recorded normal and abnormal conditions, respectively;  
and  are the recorded numbers of answers for the diagnosis of normal and abnormal conditions which 
were correct, respectively; and  and  are the weight coefficients. In this study, = . If a diagnostic 
machine which detects abnormalities more correctly is desired,  should be large. 
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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 
step in  are defined as , the plant operating conditions of each time step  are defined as , and the 
data set  is defined as a 2D vector ( , … , , ) consisting of  as an explanatory variable and  as 
an objective variable. A function ( ) returns a model score which is calculated by evaluating each 
record of each time stamp in  by the diagnostic machine created from . 

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  in each signal .  is 
the data set in which  was normalised, which consists of the vector ( , … , , ). 
 
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 

method is applied to  which calculates the factor loadings  of each signal  of each factor .  

 
Step 1-3 Grouping the process signals  
A decision-tree analysis is applied to the absolute values of the factor loadings  on the factor  which 
has the highest contribution rate . The signals classified into a leaf nodes, which are the end point of the 
decision tree, are defined as (1 ≤ ℎ ≤ ) . Here,  is defined as the number of the groups. 
 
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. 
The model scores (1 ≤ ℎ ≤ ) are ( ). 
 
Step 1-6 Exclusion of invalid process signals 
Signals of the groups  of which the value  are smaller than  are removed. The remaining signals 
are defined as  and analysed in Step 2. The number of remaining signals in  is 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 

Signal combinations ( , 2) (1 ≤ o ≤ = ) are combinations of two signals selected from . 

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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5. Discussion 

Step 1 of our method selected 15 beneficial signals of which the model score was 0.952, which is 0.017 
higher than the base model score  = 0.935, which evaluated all signals. Step 2 of our method selected 
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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