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Riassunto: I sistemiriparabili soggettiad una riparazioneminima sonocaratterizzati
dal fatto che la loro affidabilità rimaneinvariatadopo un guastoe la loro riparazione
immediata. I guasti in tali sistemisonospessodescritti medianteprocessidi Poisson
nonomogenei.Noi illustriamol’uso di tali processi,prevalentementenel contestodi due
applicazioniindustriali.La primaapplicazioneriguardale fughedi gasin unareteurbana
di distribuzionementrela secondaconsiderai guastidi alcunicomponentinellecarrozze
dellametropolitana.
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1. Introduction

The paperstemsfrom our recentresearchand consultingactivities on modelling fail-
uresin repairablesystems,namelygasdistributionnetworksandundergroundtrains.The
activity is baseduponacooperationamongCNR-IMATI (formerly CNR-IAMI), theDe-
partmentof ManagementEconomicsand Industrial Engineering(formerly part of the
Departmentof MechanicalEngineering)at Politecnicodi Milano andtwo of the major
Italiangasandtransportationcompanies.Historicaldatawereprovidedby thecompanies
andresearchersfrom both CNR andPolitecnicoworked on them,with the remarkable
help by studentsfrom MechanicalEngineering,Mathematics(Universit̀a degli Studi di
Milano) andScuolaper le Applicazioni della Matematicanell’Industria(INdAM - Mi-
lanoBicocca).

The paperis organisedas follows: an illustration of repairablesystems,the most
commonmodelsfor themandthequantitiesof interest(Sections2, 3 and4, respectively)
will befollowedbyasummaryonourworkongasescapesandundergroundtrainsfailures
(Section5 and6, respectively). Finally, Section7 will discussshortly directionsof our
futureresearchin thearea.

2. Repairable systems

Systemssubjectto failurescanbe categorisedinto two groups: the nonrepairableand
therepairableones.Whena carwaterpumpfails, thenthesystemwaterpumpis nonre-
pairablesincethepumpmustbereplaced;lookingat thesystemcar, it is evidentthatthe
carcanstill run oncethepumphasbeenreplaced:it is anexampleof repairablesystem.
Repairablesystemscanbesubdividedfurtherby consideringtherepairstrategy. Repairs
could be minimal or moreconsiderable.In the former casesystemreliability (i.e. the
propensityto failures)aftera failure is broughtbackto its statusright beforethefailure,
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whereasin the latter casereliability could be significantlyreducedor increased.Relia-
bility in theformercaseis usuallytold to bebadasold whereasgoodasnew is usedfor
thelattercase.Someauthors(e.g.AscherandFeingold(1984))preferto denotethetwo
casesassameasold andsameasnew, respectively, sinceold systemsarenotnecessarily
badones(andnew onescouldbebad,indeed).As a furthercategory, we canconsiderif
therepairis performedimmediatelyafterthefailureor thereis someelapsedtime. In the
lattercase,availability of thesystembecomesimportantaswell asits reliability.

3. Models for repairable systems

Nonrepairablesystemsareoften describedby the distribution of the time to first failure
or their survival function. In repairablesystems,the interestmainly relieson their be-
haviour overtime,e.g.theexpectednumberof failuresor theprobabilityof no failuresin
givenintervals.Pointprocesses(see,e.g.Thompson(1988))arethenaturaltoolsusedto
describefailuresin thesesystems.Underan instantaneousrepairstrategy, two different
classesareconsidered:renewal processes(sameasnew) andnonhomogeneousPoisson
processes(NHPP, sameasold). Theformerprocessesconsiderthetimebetweenfailures
asi.i.d. randomvariablessothatthesystem,subjectto consistentreplacementsaftereach
failure, is broughtbackto its initial reliability. Conversely, NHPPskeeptheir reliability
unchangedafter failures. The homogeneousPoissonprocess(HPP)is the only process
which is botha NHPPanda renewal process.

In the paperwe consideronly NHPPs. Their usein modellingthe reliability of re-
pairablesystemsis illustratedin RigdonandBasu(2000)andthereferencestherein.We
denoteaNHPPby

���������
	
or
���
����������	��������

, i.e. by thenumberof failureseitherin��	������
or in

�
�������
, respectively. Its intensityfunctionis givenby� �����! "$#&%' �)(+*-, �.���
�����0/213���4�65��13� 7

The meanvalue function (m.v.f.) of the NHPP is given by 8 �
���9 ;:<���
. Note that,

assumingno simultaneousfailures,
� �
���

and 8 �����
are relatedby

� �
���= 8?> ����� and,
consequently, by 8 �
���@ BA �* � �
CD�FEGC

.
Wesupposethatthesystemis observedin theinterval

�.	���HI�
andfailuresarerecorded

at
	J�K��LM� 7N7N7 �K��OJ�PH

.
H

could be eithera predeterminedendpointor the time of
the Q�R ��S (predetermined)failure. In the former casewe talk abouta time truncated
experiment,whereasthelatteris a failure truncatedone.Underbothexperimentsandthe
intensityfunction

� �
���! � �
��TVUW�
, thelikelihoodfunctionisXY�.UIT�� �Z O[�\ � �
� \ T�UW��]�^`_0a Rcbed* � ����T�UW��EG��f 7 (1)

4. Quantities of interest

Given the intensity function
� ����T�UW�

, we are interestedin the usual statisticalanalysis:
pointandinterval estimationandhypothesistesting,from a frequentistand,mainly, from
a Bayesianviewpoint. As anexample,considerthepowerlaw process(PLP)which has
beenwidely usedfor repairablesystems.Its intensityfunction is

� �
���g 8?h ��ikj L , with

– 242 –



8 � h ���mln	
. Estimationof h is very relevant sinceits valuedeterminesif (andhow)

reliability decaysor growsover time ( h lo5 and h �p5 , respectively).
As typical quantitiesof interestin reliability, we considerthe reliability q �
�������r , � no failuresin

�����������
, theexpectednumberof failures

:-�J���������
andtheintensityfunction� �
���

at
�
. Thefirst two quantitiesarerelevantin forecastingsystemreliability; typically

�
is supposedto beeither

	
(wheninterestedin a similar systemfrom its start)or

H
(when

interestedin the behaviour of the systemunderconsiderationright after the endof the
observedperiod).Thethird quantityis usefulin problemslikesoftwareprototypetesting.
Softwareis testedto reducebugsin it but it mustbereleasedat sometime, beforeit be-
comesobsolete.Its reliability duringits commerciallife is thesameit hadwhenreleased:
it is thereforeimportantto study

� �
���
at thereleasetime.

Weillustratemodellingandestimationissuesin thenext two sections,concerningtwo
industrialapplications.In particular, we presentandcompareparametricandnonpara-
metric models,along with more complex modelsbasedupon superpositionof NHPPs
anduponfailuresrecordedonadoublescale(time andspace).

5. Gas escapes

The gasdistribution network consideredin our casestudywasdevelopedin a large ur-
banareaduringthelastcenturyandtherebyit is characterisedby verydifferenttechnical
andenvironmentalfeatures(material,diameterof pipes,laying location, etc.). It con-
sistsof several thousandsof kilometersof pipelinesin low, mediumandhigh pressure.
Themainconcernsaboutthemaintenanceandreplacementplanswererelatedto thelow-
pressurenetwork (20mbarovertheatmosphericpressure).As regardsto thelow-pressure
pipelines,severalmaterialshave beenusedto developthenetwork: traditionalcastiron,
treatedcastiron, spheroidalgraphitecastiron, steelandpolyethylene.

5.1 Cast iron pipelines

Castiron pipelineshave a higherfailureratethanothermaterials,evententimesgreater
andcover morethana fourth of the whole network; they have beenthoroughlystudied
in Cagnoet al. (1998),Cagnoet al. (2000a)andCagnoet al. (2000b). The structural
failureof castiron pipesis a rarephenomenonandtheir failurerateseemsto bescarcely
sensitiveto wear, but mostlyinfluencedby accidentalstress.Dueto theseconsiderations,
HPPswereusedto modelfailuresunder8 differenttechnicalandenvironmentalcondi-
tions. Following a robust Bayesianapproach,we combineddataandexperts’ opinions
andsuggesteda replacementstrategy, quiterobustwith respectto reasonablechangesin
thepriors.Priority in thereplacementsshouldbegivento pipelinesundertraffic, specially
thosewith smalldiameterandnotdeeplylaid.

Thefailuredataof thecastiron pipeshavealsobeenanalysedin Fa-Si-OenandPieva-
tolo (2000)by meansof ageneralisedregressionmodelwith proportionalintensityfunc-
tion, wherethebaselineintensityfunctionwasthatof a PLP. A formal (frequentist)hy-
pothesistestingon its shapeparametershowedthatanordinarygeneralisedlinearmodel
for Poissoncountsis sufficient.

5.2 Steel pipelines

Steelpipelineshave very strongmechanicalproperties(failuresarevery rare),but they
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areeasyprey for corrosive agentsunlessthey arecorrectlyprotected.We consider33
failures,dueto corrosion,in theperiod1978–1997overanetwork of 275kilometres.The
cumulativenumberof failuresis depictedin Fig. 2. Moredetailson thedatacanbefound
in Fumagalli(1999).

Availabledataandexperts’opinionsled to identify threeprincipalelementsthatmay
berelatedto thefailures:theageof thepipe,thetypeof corrosionthatleadsto therupture
of pipe,andthelay locationof thepipe.Hereweconsideronly thefirst element,whereas
theothershavebeenanalysedin Cagnoet al. (1999).

Thechoiceof aNHPPis justifiedsincecorrosiondevelopsprogressively, reducingthe
thicknessof thepipewalls until thepipebreaksandthegasescapes.

5.2.1Parametricmodels

Cavallo (1999)andCavallo andRuggeri(2001)considereda unique,parametricNHPP
to modelall thefailures:they entertainedtheHPP, thePLPand,mainly, the logarithmic
NHPPwith

�ts �
���Z Buv"&wx��5@/zy����4/2{
,
U}|~ ��
u��Vy���{����m�M�� 7

Them.v.f. of thelogarithmicNHPPis givenby� s �
���Z b �* �ts �.�����k�� u y �F5v/zy�����"$w4�F5v/zy����x/B�.{ R u`��� 7
Given

�g�
failures,

H  ���H�L�� 7N7N7 �VHW�t��� , in � 	����Y� , thelikelihood(1) becomesXY�.UM��H ���g���� �F5v/zy���� jI��� L ��� ����� �F� �~��jI� �~� �t�[��  L ��uv"&wx��5v/zy�H � �x/2{¡� 7
MLE and Bayesian(under independentGammapriors) estimatesare comparedin

Table1. ResultsonHPDinterval andpredictivedistributionof
�¢�

canbefoundin Cavallo
(1999).

Table1: MLE andBayesianestimates

Parameter MLE Mean Median Mode Variance
a

	 7 	£	W	 5 7~¤�¥�¦ 5 7 5 ¥ 5 	 7¨§W©�¤ 	 7ª¥�§W¦
b

	 7~«£¤k¥ 5 7¬©£©�¤ 5 7¬¦�«�¥ 	 7¬«£§W§ 5 7ª¥G­k¥
c ¥�7~«£­W­ ¤`7~«k§�« ¤I7~«£® 	 ¤`7¨®W©�¤ 5 7 	 ¤ 5

The MLE leadsactually to a HPP, whereasthe Bayesianapproachfavoursthe non-
homogeneouscomponent,asshown by posteriormeanandvarianceof

u
. Cavallo and

Ruggeri(2001)shows that theestimatedm.v.f. of theHPPis closerto thesamplem.v.f.
thanthe onefrom the NHPP. The betterperformanceof the HPPis confirmedby look-
ing at the Bayesfactor: the HPPis slightly betterthanthe logarithmicNHPPandboth
arestronglybetterthanthePLP. TheKolmogorov-Smirnov (K-S) testhasbeenunableto
rejectthe null hypothesison the datacomingfrom the logarithmicNHPPwith theesti-
matedparameters.TheK-S testhasbeenperformedby transformingthedata

H � so that
thegeneralisedresiduals̄ � |¬ ±°� ��H � ����²³ ´5W� 7�7N7 ���g� , are(underthenull hypothesis)ap-
proximatelyarrival timesfrom aHPPwith unit intensity(seeOgata(1988)).In this case,
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theinterarrival times µ � |~ ¯ � R ¯ � j L arei.i.d. exponentiallydistributed,with mean
5
, and

we canapplytheK-S testto
C � |¬ �5 R ]�^`_¶� R µ � � , which areuniformly distributedunder

thenull hypothesis.
Therefore,wedecideto relaxtheassumptionof a logarithmicNHPPconsideringboth

a nonparametricmodel,to be“centred”at thebestestimateof theNHPP(Section5.2.2),
andthesuperpositionof NHPPs(Section5.2.3).

5.2.2Nonparametricmodels

Stemmingfrom thepaperby Lo (1982),Cavallo (1999)andCavallo andRuggeri(2001)
consideredthem.v.f.

�
asthedistributionfunctionof a randommeasure8 , theintensity

measureof theprocess.
Givena measure· andameasurablesubseţ , wedefine ·0¸ |¬ · � ¸ � .

Definition 1 Let ¹ be a finite, º -additive measure on
��»-��¼+�

. The randommeasure ·
followsa Standard Gamma distributionwith shape¹ (denotedby ·c½¿¾!¾ � ¹ �N5�� ) if, for
anyfamily

akÀ � ��²� �5W� 7N7�7 ��ÁÂf of disjoint,measurablesubsetsof
»

, therandomvariables· À � are independentandsuch that · À � ½p¾ � ¹ À � �N5�� , for
²3 �5W� 7N7N7 ��Á .

Definition 2 Let h bean ¹ -integrablefunctionand ·c½Ã¾!¾ � ¹ �N5Ä� . TherandommeasureÅ  h¶· followsa Generalised Gamma distribution,with shape¹ andscaleh (denoted
by Å ½p¾!¾ � ¹ � h � ).

TheGeneralisedGammadistributionsareconjugatefor thePoissonprocesses.

Theorem 1 (Lo (1982)) Let Æ  Ç� Æ L�� 7N7N7 � Æ O£� be Q Poissonprocesseswith intensitymea-
sure 8 . If 8 ½p¾!¾ � ¹ � h � a priori, then 8 ½p¾!¾ � ¹ /=È O\   L Æ \ � h-É �F5¶/ QDh ��� a posteriori.

In the next we considerthe observations
a�H \ � �VÊË Ì5 7�7N7 Á � f O��  L from Q Poissonpro-

cessesÆ  Í� Æ L¡� 7N7N7 � Æ O£� on
»

. Note that
H \ � denotesthefailure time when

Á � failuresare
recordedin the

²
-th system,

²} ¿5W� 7N7�7 � Q , observedover
»m � 	����Y� .

Theorem 2 (Lo (1982)) Under the above assumptionsand squared loss function, the
Bayesianestimatorof 8 ½p¾!¾ � ¹ � h � is givenby themeasure Î8 such that

Î8 ÀÏ bÄÐ h ��ÑD�5v/ QDh �
ÑD� ¹ ���ÄÒÂ�4/ OÓ��  L�ÔÖÕÓ\   L h �
H \ � �5v/ QDh ��H \ � ��× Ð ��H \ � ���rØ0À2�m¼ 7
Theorem 3 (Cavallo and Ruggeri (2001)) Given Q PoissonprocessesÆ with common
intensityfunction 8 ½¿¾!¾ � ¹ � h � , theBayesianestimatorof q , undersquaredlossfunc-
tion, is givenby Ùq such that,

Ø0À2�m¼
,

Ùq À� ?]�^`_�ÚÛ Ü Rcb Ð "$wx�F5v/ h �
ÑD�5�/ QDh �
ÑD� � ¹ ���ÄÒÂ� R OÓ��  L Ô.ÕÓ \   L "&w4��5v/ h ��H \ � � × Ð ��H \ � �5v/ QÂh ��H \ � � ��Ý Þß 7
Weconsideranonparametricmodel“centred”at thelogarithmicNHPP, whosem.v.f.

is the Bayesianestimator
°� s

, with intensity
°�ts �Ö���

. Therefore,we choose ¹ ���k�Ä�?|¬ °� s �Ö��� Ékº �k� and h �.���m|¬ º � so that the measureà38 hasdistribution function
°� s

, and8 À ½p¾ with mean
°� s À

andvarianceºâá °� s À , for any
Àã�m¼

.
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Theorems2 and3 givetheBayesianestimatorsä8 ÀJ °� s À9/ ºâá È O��  L Æ � À5v/ QDº and
äq À� æåG5v/ º5v/ QDºèç j-éWêëWì Ð ��í ÈâîÕ.ï�ð¡ñ Õ Ð�ò � í 7Î8 is a weightedmeanof the (prior) measure

°� s
andthe Q observed processesÆ � ; the

weightof theformerdecreaseswhen º increasesandviceversa.

t

m
v
f

0 2 4 6

0
5

1
0

1
5

2
0

2
5

3
0

Mean value function
ó

t
ô

P
(N

[0
,t
]=

0
)

0.0 0.5 1.0 1.5 2.0 2.5 3.0

0
.0

0
.2

0
.4

0
.6

0
.8

1
.0

Reliability
õ

Figure 1: Nonparametric (solid) and parametric (dashed)estimators and cumulative� � 	������ (dotted)

Figure1 presentsthenonparametricestimatorsof m.v.f. andreliability undera prior¾!¾ �£°� s Ékº � º � , with º  �	 7¬­ 	 § . It shouldbe observed that the estimationof the m.v.f.
improvessignificantlyupontheparametriccase.Thefinding is confirmedwhencomput-
ing theBayesfactorbetweentheparametricandthenonparametricmodels,asshown in
Cavallo andRuggeri(2001).

5.2.3A complex model

The previous modelsconsiderthe pipelinesas if they were installedat the sametime.
Sinceagingis relevant,we considertheir installationdate(actually, year). We split the
network into subnetworkscontainingall thosepipelinesinstalledin the period(year)

�
;

by
�

we alsodenotethestartingtimeof thecorrespondingperiod.Let
¼

thesetof all the
periodsin which pipelineswereinstalledandlet ö bethenumberof its elements.More
detailsareavailablein PievatoloandRuggeri(2000)andPievatoloandRuggeri(2001).

Supposethatbothfailuretimes
� \

andinstallationdates÷ \ of Q failuresin theinterval� ��*����xL�� areavailable;they arerecordedin
�  ø�
��L�� 7N7�7 ����OW� and ÷  �� ÷ L¡� 7N7�7 � ÷ O�� . For each���m¼

, considerthePLP
�úù

with intensity� ù¡�
��T 8 ù�� h ù��Z 
û�ù 8 ù h ù¡�
� R ��� i�üFj LFýVþ ù�ÿ �Y���
�����
where

û�ù
is thelengthof thepartsinstalledat

�
.

Combiningthelikelihoodsfor eachPLP, it follows,from their independence,thatthe
likelihoodfunctionfor thesystemis givenbyXY� 8 � h T�� � ÷ �Z O[

Ô   L h����
û ���¡8���� ��� Ô Rã÷ Ô � i�� � j

L � j È	�ü ïWð 
 ü��vü
þ � � ð j ù ��
 ü jt� ù��Ä��� j ù ��
 ü�� � (2)
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with 8  ø� 8 L¡� 7N7N7 � 8�� � and h  �� h L¡� 7N7�7 � h�� � .
For all

�
, we suppose8 ù ½ :+��U � � , h ù ½ :è�.U i � , with

U � ½ :+� ¯ � � and
U i ½:è� ¯ i � . Therefore,weconsiderh independentfrom 8 , whereasthe 8 ù ’sandthe h ù ’sare

exchangeableamongthemselves.
Theposteriordistributionis obtainedapplyinganMCMC algorithm,basedonaGibbs

samplerfor all the parametersexcept for the h ù ’s, updatedsequentiallyby Metropolis
steps.Thesampledvaluesfrom theposteriordistribution areusedto computetherelia-
bility measures,asthethesystemreliability for theglobalnetworkq ���xL��VCD�! 
]�^`_0a R Óù���� 8 ù�û�ù�����C R ��� i�ü R �
�0L R ��� i�ü�� f ýVþ ù�ÿ �Y����CD�
andtheexpectednumberof failuresin thewholenetwork in a futureinterval

�
�0L��VCt�
à a��J���xL���C�� � 8 � h f� Óù���� 8 ùFû ù��
��C R ��� i ü R ���xL R ��� i ü � ý þ ù�ÿ �Y� ��CD� 7

Settinḡ �  o	 7¬¤ and ¯ i  B	 7~« , the95%posteriorprobabilityintervalsfor thesystem
reliability andfor the expectednumberof failuresin five yearsareestimatedas �ª§`7¬©£¥eá5Ä	 j � ��	 7 	�5�� andas � ¥�7~­£§ � §�7¬¤W­ � , respectively.

Figure2: Cumulativenumberof failuresfor thewholenetworkcomparedto theestimated
meanvaluefunction

In Fig. 2 the(posterior)expectedvalueof themeanvaluefunctionÓù���� 8 ù�û�ù � ��� R ��� i ü R �
�D* R ��� i ü � ýVþ ù�ÿ � ���
CD�
shows that there is a substantialagreementwith the data,except for the two clusters
of failuresbefore1980 andaround1990. We fear that thereare someartifactsin the
registrationof thefailures,with multiple recordingson thesameday.

Finally, the installationdatesof thefailedpipelinesarenot alwaysavailable,aswell
asmostgasescapesbefore1978. Missingandcensoreddataarethoroughlyanalysedin
PievatoloandRuggeri(2001).
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6. Underground train failures

Argientoet al. (2002)consideredthe failuresof the door openingsystemof 40 under-
groundtrainsrecordedbetween6th April 1990and31stDecember1998.Whena failure
took place,boththeodometerreadingandthedatewererecorded.In Fig. 3 we show the
cumulative numberof failuresof all trainsversustime; theasterisksindicatewheneach
train hasbeenput on service.A transientbehaviour takesplaceduringthefirst 500days,

0 500 1000 1500 2000 2500 3000 3500
0

500

1000

1500

2000

2500

Figure3: Cumulativenumberof failuresversusdaysfor all trains

when35trainsareputonservice;afterthisperiod,thenumberof trainsis essentiallycon-
stantandthecumulativenumberof failuresgraduallyassumesaconcaveshape.Periodic
oscillationscanbenoticedin thecurve.

We considerboth spaceand time via a marked Poissonprocesson the time scale,
wherethebasicintensityfunctionat time

�
dependson theexpectednumber! �
��� of kilo-

metersrun at
�
, whereas

Á
, the kilometersactually run at failure times,constitutesthe

mark.
Our modelfor a singletrain is basedon theintensityfunction� �
��T�U�L���U#"��! · � ! �
����T�U�L����G�
��T�U#"���� �è�
	`�ÍU�L �%$¢L��-U#"��&$'" 7

The conditionaldistribution of
Á
, given a failure at

�
, is ( � ! �
����� º " � , and

�G� á TVU#"�� is the
periodiccomponent.After regressingthekilometerson time for many trains,we found
thatthefunctionalform ) �ÖÁ��k���+ ! �����è ¿u��¶/zy�� "

is quiteacceptable.Thespectrumof
themonthlynumberof failuresof all trainssuggeststhatonly theharmoniccorresponding
to a periodof oneyearis predominant.Therefore,we choose

�G�
��T�U#"��è Ã]�^�_0a+*-,�.0/Ä�21Z�x/
3 ��fG��U#"  4*2�Í	

, whereonly the amplitude
*

shouldbe estimated,since
1� ¤654É£¦W©�­

(one-yearfrequency whentime is measuredin days),andthephase3 is known from the
startdateof eachtrain.

Sincethe plot of the cumulative numberof failuresversuskilometersdenotesearly
failuresfollowedby a moderatereliability growth, we take· �ÖÁDT�U�L��@ h * "7.98t�F5v/ h LVÁ����5�/ h LVÁ�� � U�Lv �� h *�� h LV��� h *Ä� h L+�
	��
increasingup to its maximumpoint at

� � R 5�� É�h L andthendecreasingto zero.
MLE andconfidenceintervalsfor onetrainarereportedin Table2.
Thefitting of themodelcanbeassessedfromFig.4,andcanbeconsideredsatisfactory

apartfrom thatof ! ����� , wheresystematicdeparturesfrom theestimatedcurvecanbeseen
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Table2: MLE and95%asymptoticconfidenceintervalsfor the(scaled)parameters

Parameter MLE C.I. Parameter MLE C.I.u;:J5Ä	Gj "
1.209 [1.171,1.247]

y<:J5N	 "
2.025 [1.862,2.188]º " :Ï5Ä	Ij>= 5.809 [4.214,8.345]

*?:J5Ä	
3.234 [0.000,6.779]h *@:J5N	 " 7.358 [5.640,9.076] h LA:J5Ä	B� 2.239 [1.938,2.540]

at a closeexamination.We planto addresstheproblemusinga nonparametricmodelon
thecurve ! .
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Figure4: Diagnosticplots for onetrain: estimatedmeanvalue functionand observed
failures(top left), estimatedintensityfunction(top right), expectedodometerreadingsat
failure timesvs. observedreadings(bottomleft) andexpectednumberof failuresversus
observed(bottomright)

7. Future research

We arecurrentlyworking in directionsaiming to improve theresultsfound insofar. The
nonparametricapproachin Section5.2.2seemsto be a very promisingone: we arein-
vestigatingthe caseof moregeneralfunctions h . As regardthe parametricapproachin
Section5.2.1,weareconsideringclassesof NHPPsdefinedasthesolutionof differential
equations,asshown in Ruggeri(2000). We think thequality of thedataon gasescapes
will hardlyleadto a verysatisfactoryfit with parametricmodelsor their superpositionas
in Section5.2.3. Finally, we arenow working on a Bayesiannonparametricanalysisof
thetrain doorsfailures.
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