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ABSTRACT and the reference scenarios are calculated. Abeurof
o i . reference scenarios most similar to the observed scenario

Fuzzy similarity has been widely used for prognosticsgre selected and the distanweighted sum of their RULs
Normally, a library of failure scenarios is available and yives the RUL of the observed scenaffaizzy similarity
number of them most similar to the observed scenario algys peen widely used, solely or in combination with other
selected to generate the Remaining Useful Life (RUL) of thenethods, for progrsticsin differentpracticalproblems, e.g.
observed scenax, using a distance weightatim approach.  gpjleptic seizures (Li and Yao, 2005), text classification
By clusteringthe library of failure scenarioghose most (Widyantoro and Yen, 2000), financial activity (Li and Ho,
similar to the observed scenamanbe selected considering 2009), Virkler crack growth (Guepie and Lecoeuche, 2015),
the strength omembershigo the differentclusters To this  \yeather (Riordan and Hansen, 200®)clear systes(Zio
aim, in this paper, hierarchat classificationis integrated g,q Di Maio, 2010), power systeniSenjyu et al., 1998).
into the fuzzy similarity approachFirst, hierarchical Satisfactory results are reported in these works.
classificationis built by Support Vector Machine (SVM),

considering different failure modes. Then, for the observedin practical problers) there are casewhen the reference
scenario, fuzzy similarity isapplied to select themost Scenarios may beng to different failure modes arwhn be
similar failure scenarios from differentassesconsidering ~ clustered mto different classes considerirthe operation
the membership ofthe observed scenario to the different conditiors, the functioning environmentand other factors
clusters The selected scenarios are aggregategenerate In such cases simply seleahg a number of reference
the RULalong the observed scenarireal case studgfa ~ Scenariosmost similar to the observed scenafiom the
system composed af pneumatic valvend a centrifugal library may not beeffective. Using the classical fuzzy
pumpin a nuclear power plant is considered to verify thesimilarity-based prognostic methodhet selected reference

RUL prediction powenf the proposed framewark scenariosmay beall from the most probable clasthus
neglecting other lessut still, probable classethe diversity
1. INTRODUCTION of the selected reference scenanesreduced, andf the

continuation of thebserved scenarim the future drifts to

Fuzzy similarity forfailure prognosticselies ona library of  gne ofthe less probable classes, the prediction accuracy of
reference failte scenarios(recorded rurto-failure data)  theprognostisis endangered

from similar equipment. When predicting the Remaining o ) o
Useful Life (RUL) of an bserved scenariawhich is ~ The prediction accuracy using fuzzy similarity is highly
degrading the similaritiesbetween the observed scenariodependent on the richness of the libranghich is more

Jie LIU et al. This is an opeaccess article distributed under the te critical for a StO_ChaStiC degradation process. The diverSitY
of the Creative Commonttribution 3.0 United Stats License, whic and representativeness of the selected reference scenarios
permits unrestricted use, distribution, and reproduction in any me are very important for the prediction accura@mother

provided the original author and source are credited.



EUROPEANCONFERENCE OF THEPROGNOSTICS ANDHEALTH MANAGEMENT SOCIETY 2016

challengein using fuzzy similarig for prognostics isthen, system is composed of a pneumatic valve and a centrifugal
the optimal number of the selectedreferencescenarios. pump. The pump follows a stochastic mulstate
Fuzzy similarity with a small numbexf reference scenarios degradation prazss and thevalve degrades continuously
considered is nostable, when many reference scenariogLin et al., 2015) The results are compared with the
have similar high values ofsimilarity. For example, the classical fuzzy similaritywhich selects directly from the
beginning of thedegradatiorof similar equipmentmaynot library a number of reference scenarios to calculate the RUL
significantly differ from one to anther,andmany of them for the observed scenariéd specific accuracy measure is
may haveclosesimilarity to theobservedscenario. If only a usedconsidering the stochastic degradation process.

small number of them are selected to generate the RUL
the observed scenario, the results can rmestable
depending on therepresentativeness of thselected
reference scenario®n the contraryfuzzy similarity with a

c]‘fhe remainder of the paper is structured as follows. Section
2 presents SVC and fuzzy similarity. The proposed
framework isalsodetailed inthis Section Section3 reports

- the resuks of the case study. Some conclusions are drawn in
large numbemay givenon-accurate results, when orfigw y

reference scenarios areighly similar to the observed Sectiond.

scenarioand theot her s somewhat.Farnt.roduce #fAnoi seao

example, when the degradation of the observed scenarfo SUPPORT VECTOR CLASSIFICATION AND FUZZY

approaches the end of its life, the similarities between the SIMILARITY

reference scenarios and the observed scenario may be veny this section, SVC and fuzzy similarity are briefly
different from one to anothermand only feware highly reviewedat the beginningThe proposed method is then
similar to the observed scenarlba relatively large number detailed.

of the reference scenarios are selectib@d results may not

be preciself the membership of the observed scenario t2.1. Support Vector Classiication

different clusters can be calculated, the selected reference . )
scenarios from different clusters should be proportional to>UPPOrt Vector Machine (SVM) (Cortes and Vapnik, 1995)
the memberships. for classification is named SVQhetraditional SVC model

can solvea two-classproblem.
In this paper, a framework, combining hierarchical

classification by Support Vector Classification (SVC) V& <V ; , y
(Gunn, 1998) and fuzzy similarity (Zio and Di Maio, 2010) P/B IV, withe "y andw ™ pip , SVC formulates the
is proposed for prognostics of stochastic degradation €Stimation function a¥de o O» 3 and the unknowns
proceses By analyzing statistically and/or physically the © andware estimated by solving the following optimization
referencescenarios, (hierarchical) multiple classes can béroblem:

Given a training dataset of instadedel pairs o fro HQ

identified and the different classes can be modéle&VC
models. As one SVC model can only diffntiate two
classes multiple SVC modelsare trained for different
classesf the reference scenariobhe trained SVQGnodels
canjudgethe classthat onefailure scenaricbelongsto. For
a givenobserved scenari@VC, in combination with Monte
Carlo simulation can estimate thdikelihood that the
observed scenarifalls into eachclass Then reference
scenariosare selected from a clagzoportional to the
likelihood to belong to thatclass And the RUL of the

a Q&g -0 0B -

o bwadt” > @ P

)

with & is apenalty factothat balances the flatness ahe
accuracy of the estimation function.

The solution of the optimization function in Eq. (&)built
asc B "Qehe , with™Qehe beinga kernelfunction
that calculates the similarity betwetre two vectors and

observed scenario is calculated the distanceweighted
sum of the RULs of all theo-selected reference scenarios

e in a high dimensional spadghe soecalled Reproduced
Kernel Hilbert Space (RKH$) Linear kernel function,
polynomial kernel function, Radial Basis Function (RBF),
sigmoid kernkfunction are some of the most popular kernel
Sunctiors used in SVM and SVC

By integrating hierarchicaklassification into the fuzzy
similarity-based prognostic method, the diversity and th
representativeness of the selected reference sceraago

strengthened. Details about SVC can be found in the related refegence

In the case thathe number othe referencescenaris to be  In case ofa multi-class problem, a number of SVC models
selected in one class excsethe number ofthe class can be trained t@stimate corporately the class which the
samples the total number of the selected scenarios is new instance belongs tas shown in Table {Rocco and
modified to guaranteehe proportion of selected reference Moreno, 2002RoccoandZio, 2007. The SVCs are trained
scenarios froneach class. with the onevs-others idea, i.e. each SVC is trained to

The case study in this paper concerns the prognostics of tﬁiéStlﬂgUlSh one class and all other classesd theq the

failure time of asubsystemof a nuclear power plant. The
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joint outputsof all the SVC models can give the class of acan help easily identify the different clusters are extracted

new instance. and different SVC models are traing@vith the extracted
features as inputsto distinguish among the different
2.2.Fuzzy Similarity classesThe change of the extracted features with time is

also modeled.For the observed scenaridjonte Carlo
simulation estimates the possibleutéire values of the
extracted featuresf the observed scenari®he likelihood
f that the future degradation of th@bserved scenario
belongs to the clas8s estimated, witfQ pH8 RQ Then

Consider the monitored dateof the observed scenarémd
a timedependent one 0 in a reference scenario; for each
discretetime t,-> 0 has the same data structurgo. For
the calculation of théuzzy similarity between the observed

scenarioo and the refere_nce scenario 0, one neﬁed‘sto the fuzzy similarity between the observed scenario aod ea
find o suc_h .th.at the distance scdieo betweeno 0 referencescenario is calculated. Supposing tadbtal ofd
ando is minimized. In the present paper, three Steps arfyterence scenariosiost similar to the observed scenario
proposedior this (Zio and Di Maio, 2010) areselected to generate the estimated Ratthe observed
The first step consists in calculating the Euclidean distancécenario,0 0 21 of them are taken from the most
between: o ando for all timest: similar referencacenarios irclass’Q

160 © ©0S ) In the casehat the size ofclassCs less tham , the total
number of selectedeference scenarios is modifiadd

The second step is the computation of theintwise 8 T, with & thesize ofclusterQ

trajectory similarity and the correspaling distance score.

The pointvise difference between the trajectorie® and Reference Observe
o expressed by Eqg. (2) is evaluated with reference to an m
Afappr oxi mat v3ety(FSspacibed byR tuaction
which maps the elements of the Euclidean distalffento [ Clustering approach ]
the corresponding similarity valugt). Common functions I
can be used for the definition of the FS, e.g. triangular, ] v L
trapezoidal, and behaped. In the applitian illustrated in [ Classe 1 } ----- { Class i } ----- [ Class k J
this work, the following betshaped function is used: | |
o A@gb 11 1 10 ©)) y
. SVC models
The arbitrary parameteessandb can be set by the analyst to :
shape the desired interpretation of similaiito the fuzzy
set: the larger the value of the ratio(a) / b?, the narrower
the fuzzy set and the stronger the definition of similarity [ Likelitood estimation
(Zio & Di Maio, 2010). Then the distance scor@ 0
p mo between: 0 ando is computed. g l 1
The third step is to find which minimizesQ 6 and to [ Py } """ { pi } """ [ P J

compute the corresponding distance séie .

Selected
reference
scenarios

Selected
reference
scenarios

Selected
reference
scenarios

from
class k

The fuzzy similarity between the observed scenario and all
the reference scenarios are calculdtdidwing the previous
steps Traditionally, a mmber of most similar reference
scenarios are selected to generate the estimated RUL of the
observed scenarias weighted sum of their RUL$n the v
case that multiple classes exist arg the reference
scenarios, thigraditional way may neglect some classe

tEinbrary. To avoid this, anew framework is proposed in Figurel. The procedure of theroposed framework.
this paper.

[ RUL calculation ]

] 3. CASE STUDY
2.3.The Proposed Framework for Prognostics ) )
In this section, results on a real case study are presented.

In this paper, amew frameworkfor prognosticss proposed  The case study concerns saibsystem composed of a
V\(h|§:h pomb|ne$h|erarch|cal) multlple cluster_mg _and fuzzy pneumatic valve and a centrifugal pumipa nuclear power
similarity. The propsed framework is shown in Figure 1. plant. The characteristics of the system @fanhui etal.,

The reference scenarios are firstly clustered Rutasses 2015)
by unsupervisedalassificationapproachesThe features that
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1 The centrifugal pump follows atochasticmulti- Furthermore, Figure 3 shows thliene to failuresof the
state degradation process, i.e. degradation states aigference scenarios with valve failur8tatistically, the
{3 2 1 0} with state 0 the failure state. The system RULs can be clustered into four categories, around
transition rate between each pair of consequenthe values 470, 500, 530 aB60 (in arbitrary units of time)
states are known, i.e, vZp T ¥ 6 ¢ Q. which are noted separately as failure type 2, failure type 3,
The degradation process is modeled by dailure type 4 and failure type 5
contmuogs time homogenequs Markov chdihe Amongall the refeence scenarios, 5923, 111, 185 and 89
degradatlpn process afcentrlfugal pump can be reference scenaricare separately clustered into ttlasses
characterized by the holding time on each ;

o ) of failure typel, 2, 3, 4 and 5.
functioningstate, i.e. {3 2 1}.
560 T T T T T T T

T The pneumatic valves a normallyclosed and gas | W%%#ﬂ_ﬁwikﬁﬁﬁ
actuated valve with a linear cylinder actuator. It~ *0F . .+, 4 n
follows a continuous degradation process, whose 4L
degradation rate is dependent on the degradation
states of the centrifugal pump and the pneumatic
valve. The physicbased modeldr the pneumatic 5
valve is given and is very complicated ariche: »‘g
consuming for calculation. The threshold of failure %
is 3.2*10°. £

1 The failure ofone component (pump or valve)
causathe failure of the system.

Physical @tails on the system can be foundLim et al. MOT i+ e A A
(2015). In Lin et al. (2015), Piecewise Deterministic ‘ . ‘ . ‘

Markov ProcessRDMP) simulationis proposed to estimate
the reliability and RUL of the system with the physical
model.But it takes two much time for the computation.

Givena number(1000) of failure scenarios for this system,
the frameworkproposed in Section 2.3 can be applfed
RUL estimation.

3.1.Hierarchical Classification

The systemfailure can be generally divided into pump
failure (noted as failure type 1gnd valve failureFigure 2
shows the holding time of the pump different states, with
respect to the previous two types of system fadluFeom
the Figure, it appearghat the two different system failures
can bedistinguishedby the holding time of the pumpmn
states 3, 2 and 1.

O valve failure
pump failure

B00 - +

holding time in state 1

400 i
holding time in state 2 200

holding time in state 3

Figure 2. The tolding time of the pumjn states 3, 2 and 1
with respect to pump failure and valve failure.

200 250
Scenario number

0 50 100 150 300 350 400 450

Figure3. Time to failuresof the reference scenarios with
valve failure.

+  failure type 2
(o]

2000 failure type 3
O failure type 4
failure type 5
1500 — o
+ o O
o o m

1000 — [¢] a

1500

holding time on state 1

1000 holding time on state 2

holding time on state 3

1500 O

Figure4. The holding time of the pumip states 3, 2 and 1
of reference scenarios with failure types 2, 3, 4 and 5.

Figure 4 shows the holding time of the pumpstates 3, 2
and 1 of the reference scenarios with the tgpes of valve
failures One can observe that gefour types of system
failures can also be well classified with respect to the
holding time of the pumin states 3, 2 and 1.

Thus, the holding time of the punip selected agput for
classification. Three SVC models are trained, noted
separately SVC 1, SVC 2 and SVC 3. SVCidtidguishes
the valve failure ¢lassified as-1) and pump failure
(classified asr1), as shown in Figure 2. SVCigtrained to
classify the failure type 2(classified ast1), failure type 3
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(classified as-1) and failure type 4classified asl), failure  failure typesasestimated by the proposed method. The true
type 5 (classified as-1). SVC 3 distinguishes the failure failure type of the fourth observed scenario is t$@nd the
type2 (classified asr1), failure type 4¢lassified as-1) and  transition timeof the pumpfrom state 3 to state 2 and from
failure type 3 ¢lassified asl), failure type 5¢lassified as  state 2 to state dccur at45 and 250, respectivelyThe

1). The classificatiorof one failure scenaribased on the failure time is 50.

resuts of the three SVC modeis shown in Table 1. From the Figure, onecan observe thathe likelihoods

Table 1. Classifications of different failure types with ~ change abruptly at the transition tirfrem one pump state
three SVQOmodels to anotherOnce the holding time of the punipone state is
known, the variability of the observed scenario decreases,

Failure type SVC 1 SVC 2 SVC 3 and, thus, the pro.bablht.les asated by the SVC models
and MonteCarlo simulations change. As more and more
1 + - . data on the degradation of the fourth observed scenario are
2 -1 +1 +1 available, thdikelihood that this scenario falls into theé?3
3 -1 +1 -1 scenario increasgproviding more confidence
4 -1 -1 +1 0.9 : : : .
5 -1 -1 -1 o8| ™

0.7
Because of the stochastic degitamta process of the pump,
Monte Carlo simulation iscombined withthe SVC models

0.6

to estimate the probabilities that the observed scenario falls§ 05| » nrpidio N
into each failure type. Precisely, withet given historical T o4l failure type 3 \
state of the pumpone Monte Carlo simulation estimates = —V— failure type 4

03Ff failure type 5

one possible holding time of the pump states 3, 2 and 1
during the observed scenaribhen the trained SVC models 02
can estimate the failure type of the pump degradation
generatd by each Monte Carlo simulation. A number

(1000 in this paper) of Mont€arlo simulations are carried 0
out and thenumberof timesthatthe generated degradation

falls into each failure types recorded and themembership
likelihood of the observed scenario in eaclassis then FigureS. Likelihoodsthat the fourth observed scenario falls

calculatedas the percentage of the simulations that falls into into thedifferentclassesvith degradation dataecoming

0 100 200 300 400 500
time (s)

the corresponding class availableat different times 0, asestimated by the proposed
method.
3.2.Prognostic Results Figure 6 shows the Probability Density Function (PDF) of

The proposed method is tested on several ongfiiigre the RUL for the fourth observed scenaripredictedusing
scenarios.Given the degradatiortime seriesdata of the the proposed methodn comparison with that given by
observedsystem until time, the proposed method (noted as PDMP, the proposed method gives good results and the
fuzzy-cluster in Tables 2 and 3) and traditional fuzzyuncertaintybounds of the PDFdecreases approaching the
similarity-based prognostics (noted as fuzzy similarity infailure of the observed scenarizoherently with the
Tables 2 and 3) are used &stimatethe system RUL  increase of available data

Totdly, the first 40 reference scenarios mesnilar to the

observed scenario are selectétle system RUL estimated

by the two methods are compared witle average RUL

generated by the physical modie¢. PDMP Because of the

stochastic nature of the degdation process, such a

comparison can be motiaformative than the comparison

between the predicted RUL and the RUL of a specific

observed scenario.

Elevenobserved scenarios, which belotogdifferent failure
types (as shown in column 1 of Tables 2 and &e
considered in the experiments.

Figure 5 showghe changen the likelihoods of the fourth
observed scenaridelonging to thedifferent classesof



EUROPEANCONFERENCE OF THEPROGNOSTICS ANDHEALTH MANAGEMENT SOCIETY 2016

refer to he physical model (PDMP)that generates the
average RUL of the observed degradation. The error of the
proposed method compared to the RUL generated by the
physical moel is more reliable and informative

Table 2. MSE of the predicted RUL with different

methods.

Observed Fuzzy Fuzzy Difference

scenario similarity | cluster

1 (type 4) 184.32 145.85 38.47

2 (type 1) 479.93 313.70 166.23

3 (type 1) 634.58 325.74 308.84

4 (type 3) 460.96 322.60 138.36
Figure6. PDF of thesystemRUL estimatecby the proposed | 5 (type 3) 279.80 265.78 14.02

method. 6 (type 1) 503.05 292.73 210.32

Figure 7 showshe likelihoods that the selected reference | 7 (type 1) 829.22 799.09 30.13
scenarig fall into different classe using the traditional 8 (type 1) 4155.2 3038.3 1115.9
fuzzy .similarityba_sed prognostic mgthoﬁihelikelihood of 9 (type 5) 55589 177.26 1863
the failure type 4 is nearly zero @t times. But thestrength 54575 15950 1395
of the membership for failure type 4 of thebserved | 10 (type5) : : :
scenario is very high at the beginning before time 300, &l 11 (type 2) 1512.5 1212.4 300.1

shown in Figure 5 which is given by the component
degraddbn model Thus, the selected reference scenariod @ble2 shows the Mean Squared Error (MSE) between the
loosethe representativeness. predicted RUL given byhe fuzzy similarity and fuzzy

cluster, and that generated by the physical model.
After the time 450, nearly all scenarios are selected from thgifferences between the MSE given by the fuzzy similarity
class of failure type 30n the contrary because of the and fuzzy-cluster are also given in Table 2For the ten
stochastic degradation process, the pOSSIbI'lty ofatiher observed scenaisp the proposedfuzzy_duster method

failure types is not zero. The diversity of the reference gjways give better result than theaditional fuzzy
scenarioselecteddy the traditional method is low. similarity.

The price to pay for this improvement is the computation
time whichis longerfor the proposed methotthan for the
traditional fuzzy similarity, as the Mont€arlo simulation
takes time for calculating the membershkelihoods Yet

the time is still much less than the computation tifoe
PDMP. For example, the computation time of PDMP for
scenario 11 is 5996.6s.

Figure?. Likelihoods that the fourth observed scenario falls
into the different classes with degradation dsaeoming
available at differet timeso, asestimated by traditional

fuzzy similarity.

Giventhe stochastity of the degradation process, the error
of the prognostic method on one specific failure sceriario
not representative dhe accuracy of the method/e, then,



