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General context  

 

Ageing could be defined as a general process in which characteristics of components, systems and 

structures ("equipment"), gradually change with time. The ageing could cause a degradation of 

safety margins imposed by plant design or regulatory requirements. It could lead to a component 

failure or even multiple common cause failures of redundant components under abnormal operating 

conditions or accidents. The potential for failures and problems resulting from ageing may even 

increase in the future as more and more nuclear power plants (NPPs) approach the final periods of 

their nominal design lifetime.  

Therefore, equipment ageing has become one of the most important aspects in Nuclear Power Plant 

periodical safety re-assessments (French approach) or License Extension Programs (US approach). 

To be effective in ageing management means looking at the right spots with the right techniques. 

One of the effective tools, which could be used for that purpose and which complements the 

deterministic approach and supports the traditional defence in depth philosophy is Probabilistic 

Safety Assessment (PSA).  

PSA is increasingly being used as integral part of the safety related decision-making process. The 

methodology has matured over the past decade and PSA is nowadays seen as an effective and 

essential tool to complement the traditionally performed deterministic analyses. 

The current standard PSA tools do not adequately address important ageing issues, such as for the 

component and system reliability models used. Reliability models are usually based on the 

assumption of a constant component failure rate. In case of premature equipment ageing, 

inappropriate maintenance or expiration of specified lifetime this assumption is not valid anymore. 

Consequently, time dependent failure rate models have to be developed and applied.    

http://www.energyrisks.jrc.nl/APSA/index.htm


Ageing contributors could include active and passive components, which are susceptible to ageing 

and the ageing mechanisms and stressors that can cause component ageing. 

 

In this context, the purpose of the workshop was to present and to exchange on an 

international level the experience of practical application of time-dependent reliability models.  

The program of the workshop contents fore sessions : 

· Aging management and Aging PSA, 

· Modelling, 

· Operating experience, 

· Accelerated aging tests. 

 

The following conclusions present the main issues discussed during each session. 

 

Aging management and Aging PSA. 

In general two type of concept used for aging modeling :  

· physical concept of aging (knowledge of aging phenomena, mechanism and kinetic…), 

· reliability concept of aging (function unavailability, failure rate increasing…). 

It could be underlined that purely statistical definition of aging ( component failure rate increasing 

in time) is not enough for the in-depth analysis.   

There are variety of reliability models proposed for estimation of age-dependent reliability factors 

and parameters. Many of them are applied in the industry. The major difficulty of application 

relates to the operating experience data assessments :   

· small sample size, 

· insufficient failure statistic and incompleteness of data (strongly censored data), 

· impact of preventive maintenance, replacements and modifications… 

One presentation concerns the Aging PSA application for the purpose of the aging management 

program to justify replacement or continuous operating of safety components. In this case the PSA 

results could be used as one of optimization criteria. 

An issue concerning the incorporation of aging effects into PSA models was also discussed. Taking 

into account the goals of APSA and the significant efforts on data collection and processing, the 

Aging PSA approaches have to be as simple as possible.  

So to introduce the aging effect of particular component to the PSA model, it was proposed to use 

the constant unavailability values on the short period of time (one year, for example) calculated on 

the basis of age-dependent reliability models. The particular issues to be addressed to the modeling 

are the Common Cause Failures, maintenance and modification activities effects.   

 

Modeling 

One of the presentations proposes integrate the aging in fault tree model as a combination of 

stochastic and wear-out failure processes via OR gate. It's considered that such representation could 



be introduced at basic-event level, but needs importance measure to identify dominant ageing 

contributors. 

Another conclusion from this session is that the problem of too detailed statistical models for 

application is a lack of data for required parameters. 

 

Operating experience 

Several methods of operating experience analysis were presented (algorithms for reliability data 

elaboration and statistical identification of aging trend).  

One of the conclusions relates to the accuracy in interpretation of the results of any statistical 

analysis and in particular to the following issues : 

· statistical method uncertainties and sensitivity to detect the failure rate increasing, 

· initial data quality and homogeneity : data from different units or sites, critical and non-

critical failures, burning-in and ware-out periods, repeated failures, replacements, etc.   

All these factors could impact the final conclusion about the aging trend. 

Another point concerns the extrapolation of statistical models for the predictive assessments. Such 

extrapolations are limited and could not be very credible. 

Important conclusion is that the operating experience data collection and processing should be 

improved with the mind of better aging detection and aging management. 

On the international level two International Data Bases represent a particular interest from the 

Aging PSA point of view :  

· Pipe Failure Data Exchange (OPDE), 

· International Common Cause Data Exchange (ICDE). 

The question to verify is if the structure and content of these DB could permit to identify and to 

analyze the aging effects?     

 

Accelerated aging tests  

Several examples and results of accelerated aging tests performed in the frame of R&D and life 

extension programs were presented. It is demonstrated that a combination of operating experience 

analysis with the results of accelerated aging tests of "naturally" aged equipments (relays) could 

provide a good basis for continuous operation of I&C systems.    

Some generic consideration were pointed out during the session discussion : 

· importance of knowledge about aging phenomena and adequacy of degradation model, 

· verification of obtained results with the real operational practice, 

· extrapolation of the results – uncertainties and limitations. 

The question how to use the data gathered by accelerated aging test for the Aging PSA purposes 

(reliability data elaboration, identification of sensitive elements, etc.) was asked. 
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REVIEW AND DEVELOPMENT OF NONPARAMETRIC METHODS FOR VERIFI-

CATION OF TREND HYPOTHESIS 

 

ANTONOV A.V., Professor of automated system control department, CHEPURKO V.A., Ass. 

professor of automated system control department 

 

Obninsk State Technical University of Nuclear Power Engineering,  

Obninsk, Kaluga reg., fax (08439) 70822, tel. (08439) 78465, e-mail: antonov@iate.obninsk.ru 

 

Now in nuclear-power industry there is a problem of estimation reliability characteristics 

of separate power unit equipments and the nuclear power station as a whole and forecasting of 

their residual life time. The most of power capacities in nuclear engineering were put into opera-

tion in the 70ies – 80ies. The designed terms of power units operation were set for 25-30 years. 

The proposed life time of separate equipment and systems is much less and equals to 8-10 years. 

Thus, terms of mass NPP decommissioning come nearer, and investments for replacing equip-

ment worked out are needed. These works require significant financial investments to modernize 

the equipment and systems, to preserve the power units begin decommissioned. On the other 

hand operation experience shows that nuclear power installations and their equipment and sys-

tems can successfully functioned outside the designed term. Thus, activities on surveying the 

state of some equipment and systems, and also power units as a whole, specifying the real level 

of their reliability and forecasting residual life time can result in essential material benefits. 

Present report concerns with the problem of analysis reliability parameters of power unit 

equipments. The object of analysis in this paper is one of equipment reliability parameter - fail-

ure rate λ. In report estimation and investigation the tendency for λ evolution is carried out. 

Analysis of tendency for λ evolution is a verification of trend for the sequence {λi} – 

time ordered values of failure rate λi in the operating time intervals (ti , ti + ∆t) during the obser-

vation period. For that, the observation period is divided in n equal intervals (ti , ti + ∆t). For each 

i-interval λi value estimation is calculated and there will be i-ordered sequence of random values 

{λi}, i=1, 2, ..., n. For task solving use the statistical theory of hypothesis testing. 

In process of task solving the null hypothesis looks like as follows: ji λλ =  for all ji ≠ , 
this hypothesis suppose in the absence of trend. Alternative hypothesizes is H1: ji λλ > , if , 
it is hypothesis of positive trend, and Н

ji >

2: ji λλ <  if , - hypothesis of negative trend. ji >
In present time for verification of trend hypothesis the wide using have a inversion test 

that don’t require knowledge of the random value distribution law. However this test have a cer-

tain deficiencies. The main of them is that the inversion test gives the optimistic results in case of 
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we have a coincidences (equel values) on sequence of estimation values failure rate λi. The coin-

cidences call the situation when on different intervals ],(],,( tttttt jjii ∆+∆+ , ji ≠ ) we have the 

same estimation values of failure rate . ji λλ ˆˆ =

Also for solving task of verification of trend hypothesis are applied Kendall test. The 

Kendall statistics takes the following form /6/: 
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−
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Here  - rank of the estimation values failure rate, which was calculated on l-ht interval. lr

Decision rule (at large n) look like next:  

The null hypotheses are rejected if and only if the value of τ  statistics as calculated with actual 

data satisfies the following unequation  

3
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Critical data tables should be used in small data scopes /2/. The Kendall tests have such power as 

the inversion test. They also gives the optimistic results in case of we have coincidences on se-

quence of estimation values failure rate λi. However, one modification of Kendall tests takes 

place such named the Kendall tests with corrections of P. Sena, which solve the problem of coin-

cidences values. If there are coincidences, then statistics K equivalent to Kendall statistics is to 

be calculated as follows: 
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1 1
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where g is the number of groups of coinciding observations of  λi; ti is the size of the i-th group 

of observations λi. In doing so, non-related observations are regarded as a group of coinciding 

observations with the size of 1. 

Then the decision rule (in case of relations) is formulated as follows: 

 The null hypotheses (1),(2) are rejected and positive trend alternative is accepted if and only if 

the following inequation is satisfied  

D( )
K z

K α≥ . 
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Statistics of Kendall, Spearman, inverse ranks and a number of other authors for small sample 

sizes were studied in work /3/, and it was pointed out that  

1) the statistics of Kendall and Spearman have far-from-optimal filling of the distribution 

interval as explained by coincidence of statistical values in different directions of the vec-

tor of ranks (the problem of numerous intersections).(Intersection – the situation when 

the same statistical value corresponds to different vectors of ranks ), r rr r1 2,

2) the statistic of inverse ranks test have a smaller number of the intersections, 

3) the main numerous characteristics for the test inverse ranks were given by condition that 

the null hypotheses are true.   

4) the research of the statistic of inverse ranks test are showed that they have asymptotically 

nonefficiency by comparison with Kendall and Spearman test in case of uniform trend al-

ternative. 

Take into account these deficiencies the authors of this paper proposed and researched the in-

tegral test, which is modified Spearman test. The statistics of the Spearman test is 
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Therefore, this statistics may be modifier by next form: 
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This statistics has significantly less number of intersections. The statistics of the integral test 

is based on the following lemma.  

Lemma. Let ri is the rank of i-th observation. The strict positive trend alternative is fulfilled 

when nianyforiri ,1 == as fulfilled if and only if   or for any j r
j

r

j
j

ii

= =
∑ ∑=

1 1
, j

j r

n
j

j i

n

i= =
∑ ∑= r i n= 1, . 

The strict negative trend alternative is fulfilled when r n ii = + −1  for any  i = 1,n

r

 as fulfilled 

if and only if  or  for any j r
j

r

j
j i

ni

= =
∑ ∑=

1
; j

j r

n
j

j

i

i= =
∑ ∑=

1
 i n= 1, . 

Since the equality of appropriate sums unambiguously indicates coincidence of the vector 

of ranks with certain set of indexes, ranks and indexes in the Spearman statistics can be replaced 

by appropriate sums; in dosing so, the decision on acceptance of one or another trend in such re-
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placement can be only enhanced by means of more high-quality filling of the distribution inter-

val. The fact that we as before deal with nonparametric task can be considered unquestionable 

advantage, i.e. this statistics is received as some arithmetic modification of the Spearman statis-

tics, and conditions of the type and parameters of distribution law were not imposed on its deri-

vation.  

Based on the statements of the lemma, fours statistics can be constructed: 
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To verify the randomness hypothesis, any statistics of (1-4) can be used, but it should be noted 

that each individual statistics has displacement upon validity of the null hypothesis (absence of 

0
)()( =⇒− −+− HInMIn o                                                           (6)    

                        

In this case, any statistics will not be displaced if le 

presentation has been provided for statistic  as-

trend), i.e. conditional mathematical expectation is not equal to zero. In order to avoid distribu-

tion asymmetry, linear combination of inputs is proposed to be used as the final statistical vari-

ant, for example: 

;0)/(),(5,0 0
)()()()( =⇒−= +−++++ HInMInInIn oo                                                           (5) 

(5,0 )()( = −−− InIn o ;0)/(),

                                            (7) ;0)/(),(5,0 0
)()( =⇒−= −+ HInMInInIn oo

 the null hypothesis condition is fulfilled. Tab

s (7) (see Tables 1,2), and it has been proved that

ymptotic form has the same distribution as the Spearman statistics. Critical values for n>7 have 

been obtained with improved normal approximation for distribution of the Spearman statistics 

from [4]: 

20.191 3 .zIn z
n

α
α α

⎧ ⎫
11 n

⎡ ⎤= − ⎣ ⎦−⎩ ⎭

where the point of standard norm

−⎨ ⎬
−

        (8) 

al law of level α . zα −

Example application of integral test. Suppose a set of 10 observations of some random variable 

mp 6 11.7, 131.7, 133.9, 130.0, 135.8, 141.5, (for exa le, assessment of failure rate):  123.5, 130. , 1

142.1, 142.2. In order to verify the randomness hypothesis against the trend alternative (positive 

trend at first sight in this case), the sample should be presented as a variation series: 111.7, 

123.5, 130.0, 130.6, 131.7, 133.9, 135.8, 141.5, 142.1, 142.2. Then the sample ranks-sequence 

numbers of original observations in the variation series should be obtained (for example, 123.5 

occupies the second place in the variation series, 130.6 occupies the fourth place and so on). 

Therefore, the sample of ranks will be presented in the following form: 2, 4, 1, 5, 6, 3, 7, 8, 9, 10. 

As a result of the calculation, we receive the value of statistics (7) using formulas (1-4). 

In ( ) .o+ = 0 93995 . We obtain quite a tangible coefficient of «integral» rank correlation. The 

critical value is less than 0.93995 according to Table 2 for any significance levels up to 0.005 

ently, there is a reason to accept the positive trend alternative (the failure rate 

parameter has a significant increasing tendency).   

 This example illustrated the simplicity of using the integral test. 

 

inclusive. Consequ

 5



In n( ) , , .o+ = 4 10  (α− significant level) 

n=10 

Table 1. Critical values of integral criterion 
 
α n=4 n=5 n=6 n=7 n=8 n=9 
0,3 0,51398 0,27958 0,24613 0,22760 0,208 0.196 0,183 
0,25 29 76 92 31   0,533 0,383 0,316 0,288 0,266 0,251 0,235 
0,2 53 29 12 18   0,644 0,492 0,401 0,363 0,331 0,312 0,292 
0,15 0,78395 0,57968 0,49634 0,44247 0,406 0,381 0,358 
0,1 0,89934 0,68983 0,60845 0,54489 0,499 0,465 0,437 
0,09 0,89934 0,75227 0,63108 0,57200 0,520 0,485 0,456 
0,08 0,99870 0,76235 0,66050 0,59489 0,545 0,506 0,476 
0,07 0,99870 0,79264 0,66970 0,62014 0,570 0,529 0,498 
0,06 0,99870 0,82575 0,70307 0,64685 0,596 0,554 0,522 
0,05 0,99870 0,83099 0,75654 0,67791 0,627 0,582 0,33549
0,04  0,86348 0,79016 0,71121 0,662 0,615 0,580 
0,03  0,92227 0,81342 0,74764 0,698 0,653 0,617 
0,02  0,96471 0,86273 0,80109 0,747 0,701 0,664 
0,01  0,99895 0,92573 0,86038 0,812 0,771 0,732 
0,009  0,99895 0,92823 0,86943 0,822 0,780 0,742 
0,008   0,92962 0,87634 0,830 0,791 0,752 
0,007   0,92962 0,88562 0,839 0,802 0,763 
0,006   0,94099 0,89867 0,849 0,814 0,775 
0,005   0,96685 0,90342 0,859 0,827 0,789 

 
Table 2. Critical values integral criof terion In ( ) ,o+ n , .= 15100  p 3  

 
α =50 n=60 n

The values are multi lied by 10

n=15 n=20 n=30 n=40 n =70 n=80 n=90 n=100 
0,3 145 123  99  85  76  69  64 59 56 53 
0,25 186 158 127 109  97  88  82 76 72 68 
0,2 231 197 158 136 121 110 102 95 90 85 
0,15 283 242 195 167 149 136 125 117 110 105 
0,1 348 297 240 206 184 167 155 145 136 129 
0,09 363 311 251 216 192 175 162 151 142 135 
0,08 380 325 262 226 201 183 170 158 149 141 
0,07 398 341 275 237 211 193 178 166 157 149 
0,06 418 358 289 249 222 203 187 175 165 156 
0,05 440 378 306 264 235 214 198 185 174 165 
0,04 466 401 325 280 250 228 211 197 186 176 
0,03 498 428 348 300 268 244 226 211 199 189 
0,02 538 465 378 327 292 266 246 230 217 206 
0,01 600 520 425 368 329 300 278 260 245 233 
0,009 608 528 431 374 334 305 283 264 249 237 
0,008 618 536 439 380 340 311 288 269 254 241 
0,007 628 546 447 387 347 317 293 274 259 245 
0,006 639 556 456 395 354 323 300 280 264 251 
0,005 653 568 466 405 363 331 307 287 271 257 
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7 

tensity for each component by years of operation   
  1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 3 24  2

U-A_90-
01_CUT       0,0000 0,0216 0,0000 0,0156 0,0089 0,0411 0,0269 0,0214 0,0143 0,0480 0,0571 0,0385 0,0642 0,0914 0,0220 0,0359 0,0392         

V-A_90-01                     0,0000 0,0589 0,0845 0,0556 0,1528 0,0833 0,0556 0,0000 0,0000 0,0278 0,0833 0,0199 0,0000 0,0000 

V-A_90-
01_CUT                     0,0000 0,0589 0,0845 0,0556 0,1528 0,0833 0,0556 0,0000 0,0000 0,0278 0,0833 0,0199 0,0000   

V-A_90-
01_CUT_wo
OUTLIERS                     0,0000 0,0589 0,0845 0,0556 0,1111 0,0833 0,0556 0,0000 0,0000 0,0278 0,0833 0,0199 0,0

 

Table 3. Failure in

000   

U/T-A_90-01 0,0079 0,0057 0,0161 0,0029 0,0248 0,0214 0,0322 0,0215 0,0397 0,0242 0,0356 0,0216 0,0450 0,0683 0,0631 0,0636 0,0914 0,0220 0,0359 0,0392 0,0882       

U/T-A_90-
01_CUT 0,0079 0,0057 0,0161 0,0029 0,0248 0,0214 0,0322 0,0215 0,0397 0,0242 0,0356 0,0216 0,0450 0,0683 0,0631 0,0636 0,0914 0,0220 0,0359 0,0392         

U-A_M=10 0,0000 0,0422 0,0091 0,0240 0,0593 0,0357 0,1031 0,1021 0,1111 0,0744 0,0232                           
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Application  Sena and test based on integral statistics 

to v ify the absence of trend in failure rates of NPP equipment.  

Suppose the  in matio ilure rate from some NPP unit subjected to check for presence 

of positive tr ation on failure rate for individual equipment items 

of re s ken e d base. For example we took information about some ele-

ments ex on ich o ences. The arrays of this elements failure rate are pre-

sent in table 3. Let’s check each of the arrays for the presence of positive trend in the rate func-

tion. Table 5 presents calculation results for each component by means of Kendall statistics with 

correctio n, relations in the data array are marked with “+”. 

The third column p ides ue  Kendall statistics. This value is just to be compared with 

quintiles of norma d able 4. 

                                                                                      Table 4 

 of Kendall test with corrections of P.

er

re is for n on fa

end of plant equipment. Inform

diffe nt N

ploi

PP

tati

is ta

, wh

from

have

 th

 a c

ata

incid

ns of P. Sena. In the second colum

rov  the val s of

l law as provide in the t

α  0,0 2 ,03 0  0,06 0,07 0,08 0,09 0,10 1 0,0 0 0,04 ,05

zα  2,33 2,05 1,88 1,75 1,64 1,55 1,48 1,41 1,34 1,28 

 
The presenc ray with appropriate significance level are 

ma  w ”, eans en  table also provides results of the verification of the 

hypothesis with the inversion test. It ed, that results of the calcula-

incid o

 

ults of verification f r hy  positive trend in failure rate  
0,02 0,05 0,1 Inversions 0,02 0,05 0,1   

e of positive dynamics in data ar

rked ith “+ 0 m  its abs ce. 

 is shown, as should be expect

The

tion

Table 5. Res

 co e alm st for all elements. 

o pothesis of
  Relations Kendall

U 90-0 UT  2251 + + + 34   +   17 -A_ 1_C + 2,76
V 90-0 0 0 0 54   0   14 -A_ 1 + -1,63396
V-A_90-01_CUT 0 0 0 45   0   13 + -1,24515
V-A_90-
01_CUT_woOUTLIERS 0 0 0 45   0   13 + -1,24515
U A_90 + + + 41   +   21 /T- -01 - 3,865206
U/T-A_90-01_CUT + + + 40   +   20 - 3,568871
U-A_M=10 - 1,790548 0 + + 16   0   11 

 

s consider in detail the met  fo of rank correlations with integral statistics. A 
e 6 is provided below. Dat  f ent U-A_M=10. 

Let
tabl
 
 
 
 

hod r calculation 
a on ailure rate are taken for elem



 
Table 6 

i  1 2 3 4 5 6 7 8 9 10 11 Mean
1n i+ −  11 10 9 8 7 6 5 4 3 2 1  

iλ  0 0,0422 0,0091 0,0240 0,0593 0,0357 0,1031 0,1021 0,1111 0,0744 0,0232  

( )iλ  0 0,0091 0,0232 0,0240 0,0357 0,0422 0,0593 0,0744 0,1021 0,1031 0,1111  

ir  1 6 2 4 7 5 10 9 11 8 3  

( )

1

i

j
j

r r+

=

= ∑ 1 7 9 13 20 25 35 44 55 63 66 30,73

( )
n

j
j i

r r−

=

= ∑ 66 65 59 57 53 46 41 31 22 11 3 41,27

( )
ir

1j

j j+ = ∑  1 21 3 10 28 
=

15 55 45 66 36 6 26 

( )
n

j
ij r

j∑−

=

=    38 63 46 66 51 65 60 45 56 21 30 11 

( )
rS +  883,71 562,98 472,07 314,26 115,07 32,80 18,26 176,17 589,17 1041,53 1244,17 73,83

( )
r  611,44 562,98 314,26 247,35 137,53 22,35 0,07 105,53 371,44 916,44 1464,80S − 68,95

( ) ( )r r+ +−  -29,73 -23,73 -21,73 -17,73 -10,73 -5,73 4,27 13,27 24,27 32,27 35,27  

( ) ( )r r− −−  24,73 23,73 17,73 15,73 11,73 4,73 -0,27 -10,27 -19,27 -30,27 -38,27  

( ) ( )j j+ +−  -25 -5 -23 -16 2 -11 29 19 40 10 -20 69,728

( ) ( )j j− −−  20 5 19 14 -1 10 -25 -16 -35 -8 17 59,515

( ) ( )
0 0r j  743,18 118,64 499,73+ + 283,64 -21,455 63,00 123,91 252,18 970,91 322,727 -705,46 2651 
( ) ( )

0 0r j− +  -618,18-118,64 -407,7 51, -52,00 ,91 95,1 0,91 2,7 63-2 64 23,455 -7 -1 8 -77 -30 3 765,46 -193

           ( )
nI ++  0,5150

           ( )
nI −+  -

0,4027

           ( )
nI +o  0,4588

 

The value of integral statistics is equal to 0,4588.  

i-

e-

s with Kendall statistics for this element revealed a positive trend with significance levels 0,1 

nd 0,05. 

It is obvious that alternative of the positive dynamics in rate can be accepted with the signif

cance level of 0,1. The trend is absent with levels 0,05 and 0,02. The verification of the hypoth

si

a
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Preference should be given to the conclusions received with the most powerful test and, conse-

quently, test w e least total type I and type II error. Thus, significant t denc  in

failure rates for any equipm

Conclusion. 

These paper overviews the following methods to verify the hypothesis of the trend presence in 

statistic l data en n te  

been compared, and it has been concluded that the integr st i he m  pow ul and the 

Kendall an in rsion iteria are th ast p fu onsidered 

methods, the following can be noted: the inversion test is widely applied in the task dealing with 

verification of the hypothesi at th end rese n st tica ta.  Its main advantage is 

that it is simple in use. According to its characteristics, such as effectiveness and power, this test 

is compara le  the ndal st. H ever, in app tion sion test, follo ng 

should be taken into account: 

Application of the inversion test is incorrect if there are data with cid s. The use of this 

test in case of data with coincidences can lead to optimistic conclusions regarding the absence of 

a trend  s t t

closer t ea r s

rejected by m u

tistics shou ed for preferable distributions for each of the components.  

In case of ng data w m e K

rections of P.  be plie is as nda stri on a o i plic n do t

require an ta  – th sign ntly plif data ces  
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Background 
 
The use of PSA is increasing – and especially the use of PSA in risk-informed 
applications. This increased use of PSA in various applications has lead to stricter 
requirements on data, models and tools. 
 
The former “one-time-off” presentation of the safety level, e.g. for a nuclear power plant, 
has been replaced by requirements on a more or less continuous surveillance – 
monitoring – of the safety level. The increased use of risk monitors world wide is one 
indication of this trend.  
 
The NPPs are getting older and some may even be close to the end of their technical 
lifetime. Lifetime extension or modernization is discussed and in the case of 
modernization different concepts are evaluated. 
 
For the above mentioned areas ageing is of significant importance. This paper discusses 
some issues with regard to ageing – from a PSA tool point of view. 
 
RELCON is the developer of RiskSpectrum© PSAP, a computer tool for management and 
analysis of complex PSA models. RiskSpectrum PSAP is currently used by 
approximately 40% of the NPPs worldwide.  
 
The need for methods for representing ageing effects on PSA data 
 
There can be no doubt that ageing effects are very important to consider in the PSAs. Up 
till today this has in most cases been implicitly included via the component failure data 
update, e.g. the T-book [1] that has been revised several times. But this approach is not 
sufficient when it can be expected that plant components are getting closer to their 
technical lifetime. The approach with update based on historical data will not be correct 
(or conservative) – since the component failure rates for the coming year may increase 
relative to the previously experienced failure rates. 
 
The ageing is important from especially the following reasons: 
 

1. Plants are getting older – it is not possible to assume the same behavior as in the 
past. 



2. Modernization of plants – some components may be exchanged, requalified and 
some may not, and these efforts must be taken into account. 

 
Without too much effort put into providing a complete problem definition it seems that 
the method must consider: 
 

• The age of a specific component 
• A start time for the ageing effects, defined as the time when the constant failure 

rate assumption doesn´t hold any more 
• An ageing parameter (some sort of derivative) 
• Maybe some “life extension” parameter to represent re-qualification  

 
Of course, if individual evaluation is performed for each object with some predefined 
time interval, where ageing is taken into account (i.e. the failure data estimation is not 
only based on historical data) this is a way to consider ageing. However, in a living PSA 
this method will be time intensive if considered over a period of some years. One can 
also question if the population at a given plant is sufficient to determine this type of data. 
There are also other negative effects of this approach – like e.g. the impact on uncertainty 
analysis. Methods must be developed to better consider that several parameters in a PSA 
are actually representing more or less the same data.  
 
Probably, the best way forward is to develop a method where criteria, like the above 
mentioned, can be satisfied. This would make it possible, also in the future, to gather data 
from several plants and then to use these to determine failure data for component types. 
This way forward has definitely also some drawbacks, like increased need for 
information gathering, a more complex method and also the need of method development 
– both with regard to failure data estimation and to the use of the failure data. 
 
I believe that the roadmap should be to include some sort of age dependence in the failure 
data estimation, and hence in the reliability models and methods. 
 
Viewing the problem from a PSA tool point of view 
 
In a project aiming at developing methods to include ageing into the failure data one must 
also realize that it is vital to keep the methods reasonably simple. 
 

• A too complex method will increase the work needed at the plants, leading to a 
risk that the methods will not be used. 

• A too complex method will probably increase the effort needed to solve the 
calculation problem in any computerised PSA tool.  

 
Below some issues with regard to the second bullet are discussed. These issues should be 
considered during the development of the methods. 
 



Performance during average calculations 
The PSA models have over the past 5-10 years increased significantly in size and we 
expect that this trend will continue (different operating modes, refined analyses etc). 
 
A large PSA model means that the problem is complex (very complex) to solve within a 
reasonable timeframe. In some cases the calculation time is significant (day-scale), even 
though RiskSpectrum has one of the fastest (probably the fastest) algorithms to solve this 
type of problem.  
 
The performance of the PSA tool used is extremely important to nearly all PSA users. 
Therefore, a refined method must maintain the characteristics of the existing methods so 
that the performance of the PSA tools is not dramatically affected in a negative direction. 
 
Some aspects are: 

• It is beneficial if the calculation of the minimal cutsets (MCS) or of the binary 
decision diagram (BDD) can be based on some fairly simple calculation strategy – 
meaning that integration over a time period (on the MCS or BDD structure) is 
avoided. In such an integration more would be necessary to consider than failure 
data changes (test intervals etc). This will probably be OK for one analysis (the 
top result) – but would not be feasible in an uncertainty or importance analysis. 

• To achieve acceptable performance, normally some sort of cut-off must be 
applied during the development of the MCS-list. The reliability data must allow a 
definition of a point estimate that can be used during the calculation. 

 
These points may seem natural – and I hope they are. However, the approach is not 
correct if ageing during the analysis time is considered, since we will then have an 
increasing failure rate.   
 
Reliability model  
Several of the reliability models used are based on the assumption that the failure rate is 
constant.  
 
Therefore, to avoid developing a completely new set of formulas for these reliability 
models, the best way would be to define ageing in such a way that the failure rate can be 
considered constant for the time period that the analysis represents. 
 
Common cause failure quantification 
How does ageing affect the CCF quantification? The common methods, e.g. the alpha-
factor method or the MGL method, assume that the same failure data are used for all 
components in a CCF group. If components of different age are considered part of a CCF 
group – how shall this be considered? 
 
If the APSA project introduces changes, it is probably vital that these changes are 
consistent with the existing CCF analysis methodology, and allow for use of already 
existing alpha-factors etc. 
 



Importance analyses 
An importance analysis is, more or less, a re-quantification of the MCS list (or BDD 
structure). These types of analyses are normally carried out for all basic events, 
parameters, attributes etc.  
 
There are two interesting aspects with regard to importance analysis: 
 

• The calculation time could be increased significantly if the ageing data would  
call for a integration procedure. 

• Importance for parameters is only meaningful if the parameter is representing 
more than one object. This means that there is a significant drawback if object 
specific failure data estimation is performed. 

 
Uncertainty analysis 
As in the importance analysis, a re-quantification of the MCS list (or BDD) is performed. 
The number of simulations is normally at least 10 000. 
 
There are two interesting aspects with regard to uncertainty analysis: 

• A time dependent behavior within a reliability model will greatly increase the 
complexity of the uncertainty analysis. 

• If individual reliability parameters are used for different parameters, then the 
“state of knowledge dependence” will be lost and the uncertainty analysis will 
yield non-conservative results. 

 
A proposed method 
 
The failure data can be considered constant over a time period, e.g. a year, but the 
reliability model includes parameters to define “start of ageing” and the derivative. To 
consider ageing within a year must be considered unnecessarily detailed in view of the 
uncertainty inherent in analysis of failure data, and should therefore be possible to neglect 
compared to other simplifications.  
 
Conclusion 
 
The need for failure data which take ageing into consideration is increasing – and will be 
even more critical in the future with lifetime extension projects, modernizations, RCM 
etc. 
 
There are some aspects that must be considered during the development of new methods 
for APSA. These aspects comprise e.g. 
 

• CCF data and methods 
• Reliability model used in the PSA 
• Calculation methods based on the derived ageing data method 

 



Therefore, if there are two options   
 

• one completely new method which requires large changes in the PSA study and 
requires new algorithms  

• one with a less accurate (but sufficient) method for implementing ageing into the 
PSAs, where the yearly effort is only slightly increased – and where the existing 
formulas for solving the “PSA equation” can be used with some modifications 

 
- then it is probably better to go with the second method. 
 
The method outlined requires development of reliability models, treatment of CCF etc. 
and the handling of these aspects will probably be a large enough challenge. 
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1 APPLICATION AREA OF ANALYSIS. 

Analysis of tendency towards changes in equipment reliability is one of the main aspects in 
evaluation of the equipment capability to perform its functions with required reliability after 
expiration of the lifetime as established in technical documentation. Based on the analysis 
results, a decision is made on possible extension of the established lifetime of equipment.  

Lifetime extension of equipment at Ukrainian NPPs became relevant in the early nineties. One of 
the main reasons is the lack of funds in the operating organization for equipment replacements. 
The issue of lifetime extension mainly concerns equipment of systems significant for safety. In 
order to extend the lifetime of such systems, permission of the state regulatory authority is 
required.  

The lifetime extension activities are governed by a state regulatory document. 

The 1st regulatory document issued in Ukraine in 1996: 

- ND 306.711-96 "Lifetime Extension of Monitoring and Control Means for NPP Equipment 
Included in Safety-significant systems. General Requirements on Procedure and Content of 
Work" 

The following document that was issued instead of ND 306.711-96 is currently in force:  

- NP.306.5.02/2.068-2003 "Requirements on the Procedure and Content of Work on 
Lifetime Extension of Instrumentation and Control Systems Significant for Nuclear Power 
Plant Safety" 

This document establishes requirements for the procedure and content of activities related to 
lifetime extension of NPP safety-significant instrumentation and control systems. These 
activities are carried out to obtain objective data as to the capability of these systems or their 
components to perform the designed functions after expiration of the lifetime in a reliable 
manner.  

NP 306.5.02/2.068-2003 establishes the following sequence of equipment lifetime extension 
activities: 

1. Development of the "Program for Lifetime Extension" (henceforth – the Program). This 
Program is developed by the operating organization and agreed upon by the State Nuclear 
Regulatory Committee of Ukraine. 

2. Activities under the Program: 

- examination of equipment technical state; 

- operational reliability analysis. 

Results of the Program activities are reflected in the following documents: 

- minutes of tests and examinations; 

- certificate on examination of equipment technical state; 

- report on equipment reliability analysis. 



3. Development of a decision on equipment lifetime extension.  

This document is developed by the operating organization based upon results of the 
Program activities. The decision should determine: 

- possibility of lifetime extension; 

- new regulated lifetime; 

- conditions (measures) to be implemented for lifetime extension. 

The decision is submitted to the State Nuclear Regulatory Committee of Ukraine for 
agreement or rejection with indication of the reasons. The new regulated equipment 
lifetime is determined on the basis of equipment technical state analysis and reliability 
analysis. The report on reliability analysis sets forth recommendations on the new lifetime.  

The main stages of the operational reliability analysis are as follows: 

- analyse time-dependent reliability changes in order to reveal tendencies towards reliability 
decrease; 

- obtain statistical estimates of equipment reliability indicators and to analyse their 
compliance with reliability indicators from technical documentation; 

- analyse failure causes; 

- develop recommendations for measures to compensate the decrease in reliability if such 
decrease is revealed; 

- assess the possibility, conditions and term of lifetime extension based on operational 
reliability data. 

2 METHODOLOGY FOR ANALYSIS OF TIME-DEPENDENT RELIABILITY 
CHANGE 

In order to analyse the tendency of changes in equipment reliability with time, the method for 
statistic analysis of operating data is used to determine the increase in the failure rate trend with 
time. The methodology is based on nonparametric evaluation of the random variable – inversion 
test. This test is presented in [1]. The inversion test is used for verification of the hypothesis of 
the time invariance of the failure rate with parameter λ(t). 

The first methodology was developed for the Zaporizhya NPP in 1993. This document is called 
“Time Methods of Statistical Reliability Analysis of Zaporozhye NPP Units I&C Equipment to 
Identify the Possibility of Lifetime extension. Institute of Technological Systems Safety and 
Reliability, Kharkov, 1993” (henceforth – the Methodology). Later this method for analysis of 
the reliability change tendency (inversion test) was determined as the main one for the industry 
in an appropriate document of the operating organization – "Energoatom" company.  

Equipment covered by the method is as follows: 

- Equipment of instrumentation and control systems; 

- Electrical equipment; 

- Electric drives of valves. 

2.1 Description of Inversion Test 

The characteristic, which defines the trend for the equipment reliability decrease with time 
(failure rate trend) is the dependency on the time of total failure rate – λ(t) - of equipment 
components. 



The significance level of the trend presence hypothesis can be accepted in the range from 0.02 to 
0.1. This range is provided in the existing statistical tables. 

Test of λ(t) trend is reduced to test of trend for {ni} sequence – timely ordered values of failure 
number (ni) within the operation intervals (ti , ti + Dti), obtained in the course of failure flow 
observation. 

The observation period is divided into M equal intervals (ti , ti + Dti). If, in the course of division, 
an incomplete interval is obtained, it is either excluded or assumed to be equal to (ti , ti + Dti), i.e. 
the date of the analysis completion is shifted to Dti. 

For each i-interval, the number of failures recorded within this interval is defined (ni), and i-
ordered sequence of random values ({ni}, i=1, 2, ..., M) is considered. 

The {ni} sequence for the trend analysis is formed provided the following conditions are 
observed: 

- number of division intervals is not less than 10 and not more than 100; 

- value of division intervals is equal; 

- number of equipment components observed within all intervals is equal. 

The test algorithm of statistic hypothesis of the trend in the sequence of random values {ni} 
based on inversion test is related to calculation of the total number of inversions А for all 
members of sequence. 

The number of events when ni > nj at i<j is a number of inversions Аi for each i-member of 
sequence. 

After calculation of values Аi for each of М-members of sequence {ni}, the total number of 
inversions for all members of sequence is determined: 

А = ∑ Аi   (2.1) 
The field of acceptance of the hypothesis of any trend absence (either increasing or decreasing) 
is determined as follows: 

АL < А < АU       (2.2) 

where: AL and AU - the lower and upper limits depending on the number of members in the 
sequence M and confidence level α - are determined by statistical tables, and the hypothesis of a 
decreasing trend is accepted against condition: 

А > АU,       (2.3) 
and increasing trend: 

А ≤ АL.       (2.4) 

2.2 Example of application of the described methods 

As an example of application of the above stated methods fragments of the operational reliability 
analysis of Radiation Monitoring Instruments at Khmelnitsky NPP (Ukraine) are presented. This 
activity was conducted due to the expired lifetime of this equipment.  

Reviewed set of equipment consists of 40 components and devices. Reliability analysis of two 
components is used as an example: let's call them A-1 and A-2. 

Statistical data on failures of the reviewed components were taken as inputs for analysis. 
Information on equipment and all defects was collected, processed and -presented in the work 
Report. For the purpose of conciseness, this presentation represents only the results of analysis 
along with conclusions and recommendations. 



All component failures were addressed in calculations in spite of whether they impacted only 
their units or device as whole.  

Date of putting into operation – December 1987. 

Period of observation – from 01.12.1989 to 28.02.2003. 

Observation period (Т=116088 hours) was divided on equal by significance operating intervals 
(ti, ti+ Dt). Dt was 8928 hours. The number of intervals M was 13. For the given number of 
intervals AL=22 and AU=54. 

Below are the results of analysis, conclusions and recommendations. 

Table 2.1. Statistical reliability parameters 

Mean operation-to-failure time, hours № Type of the 
component 

Number of 
components 

Number of 
failures 

Operations data Passport data 

1. A-1 160 116 160121 7500 

2. A-2 136 45 350843 8000 

Results of trend analysis of failure rate parameter  

Component A-1.  
Number of inversions: А – 14 (АL-22, АU-54) 

Conclusion: Presence of the trend of failure rate parameter. 

 

Bar chart of A-1 failures 
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of verification of trend statistical hypothesis on failures of the whole set of 

or the next devices:  

lity parameters are within normative limits for the reviewed 

is results confirm the possibility to continue operation of the units till 31.12.2005. 

1. The results 
equipment and individual pieces of equipment are as follows: 

zero growth of failure rate trend for the next devices:  

- A-2 – in the given example; 

Positive growth of failure rate trend f

- A-1 – in the given example. 

2. Analysis showed that reliabi
devices. 

3. Analys

Recommendations: 

1. To conduct a follow-up equipment reliability analysis with due account of new statistical data 

ponents A-1. 

nce in application of the inversion test. 

 shown the following 

on of the trend analysis method are not sufficiently determined 

eads 

rvals 
with the same number of failures is obtained (as a rule - 0 or 1) – the values are repeated. This 
repetition can distort the analysis results under certain conditions.  

at the next year. 

2. To replace com

2.3. Conclusions on experie

Experience in application of the methodology for trend analysis has
drawbacks and restrictions: 

1) Conditions for applicati
(generation of input data, summary of data on one-type equipment at different power units). 

2) Condition for the constant number of equipment components in division intervals. This l
to the need to exclude some equipment components and thus results in the loss of statistics. 

3) In case of a small size of the statistical sample, a considerable part of the division inte



"Energoatom" company currently develops a methodology to take into account all the above 
drawbacks.  

3 “RELIABILITY OF RADIATION SAFETY CONTROL SYSTEM (RSCS)” 
COMPUTER COMPLEX 

“Reliability of RSCS” Computer Complex was developed by Novator-Kiev,Ltd and 
im lemented at Khmelnitskyy NPP in 1998. In 1999 it was installed at Chernobyl NPP. The 

ram was developed based o
p

Prog n the following regulatory document: “Reliability of NPP and 

n of operation time of the equipment 

 use of Microsoft Access DB Control 

The r ed “Defect Logbook” and “Equipment” Data Bases. 

son 

l

Equipment. Extension of Lifetime of Monitoring and Control Equipment Included in Safety 
Related Systems. General Requirements for Order and Content of Work”, ND 306.711-96. The 
Complex was certified by State Certification Authority of Ukraine. By the present time the 
Complex has been successfully used for evaluation of equipment operation reliability indicators 
in the course of implementation of measures for extension of operation time of the equipment 
with the expired specified lifetime, as well as for taking decisions on improvement and 
modernization of the systems and equipment. 

“Reliability of RSCS” Complex is designed for automation of the processes of recording, 
processing and analysis of information about operation reliability RSCS equipment. The main 
tasks of the Program are as follows: 

1) Recording and monitoring of defects, equipment failures; 

2) Recording and monitoring of restoration and repair; 

3) Minimization and optimisation of document flow; 

4) Preparation of calculation justification for extensio
with the expired specified lifetime. 

“Reliability of RSCS” Complex is developed with the
System. 

equired information is input and stor

The following is selected as the main mathematical methods to assess operational reliability: 

− analysis of failure rate trend (inversion test) and, 

− estimation of equipment reliability indicators (mean time between failures) and compari
with indicators determined by the manufacturer. 

Be ow is a scheme of program performance: 



Scheme of “Reliability of RSCS” Complex performance 

Data input 

Equipment DB Defect Logbook DB 

Recording and 
monitoring of 

restoration and repair 

Operational reliability analysis 

 
Figure 2.3 

The program permits the selection of system components whose reliability should be analysed 
and also analysis of the whole system.  

Results of the analysis with conclusions are presented in a general table and also separately for 
each component including all results of the analysis and a bar chart of failure distribution.  

Failure rate trend 
analysis 

Output forms Equipment 
reliability indicators 

estimation 

Comparison of 
calculated indicators 

with ones 
determined by the 

manufacturer 

Generalization of 
results and delivery of 

recommendations 

Output forms 



Example of Output form with the results of the analysis 

 
Figure 2.4 
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Abstract 
 
This note is intended to provide some basic notations concerning the incorporation of ageing effects 
within the reliability models of components and systems. This requires, as first step, the 
combination of failure mode models of components (usually in the form of basic events) and 
component wear-out models induced by ageing mechanisms causing mechanical degradation and 
jeopardizing its performance. 
 
1. Introduction 
 
The motivation for this study arises from the consideration that system unreliability or 
unavailability evaluation in the systems analysis portion of a PRA (Probabilistic Risk Assessment) 
should address important ageing issues, with reference to the component and system reliability 
models.  In particular, the adoption of plant age dependent failure rates is envisaged, as compared to 
the current practices which assume constant component failure rates.  
A survey on the issue points out the lack of models incorporating the ageing effects within the 
usually adopted reliability and risk assessment studies, as regards e.g. the reliability block diagrams 
and the fault tree and event tree approaches. In many cases the issue is simply overlooked or it is 
implicitly considered in the failure model, as for example in the case of passive systems failure 
estimations as piping. This lack of treatment of ageing issues has suggested the need to investigate 
whether PRAs should be employing plant age dependent failure rates especially for pipe failure 
rates used for both LOCA initiating event frequencies and internal flood frequencies (ref.1). 
A workshop held in Budapest (ref.2) on the topic highlighted the gap between the ageing 
mechanisms affecting the components integrity and reliability and the need for the development of 
models towards the embodiment of ageing mechanisms within the current reliability models.  
Some internationally accepted guidelines as the reports issued by IAEA or procedure guides issued 
by NRC deal with the subject (Ref. 3,4,5,6). 
One difficulty that emerges from the above references is the sparseness of data needed to evaluate 
the failure probabilities of systems and components as a function of aging (or time), thus making 
the quantification of any devised model a hard task. In this respect both operational and test (e.g. 
from accelerated life tests) data should be collected and statistically implemented in order to 
achieve a consistent data base. In addition consideration for ageing mechanisms is devoted mostly 
to passive systems, structures and components and consequent age-related material degradation is 
addressed. 
While the first two references focus on the assessment of the ageing degradation mechanisms, ref.5 
deals with the evaluation of one peculiar ageing degradation mechanism, as the flow-accelerated 
corrosion (or erosion-corrosion phenomenon) affecting piping, by incorporating the physical ageing 
process directly into the PRA, as in a sort of physics reliability based models. 
In ref.6 the matter is evaluated in terms of failure rate vs. time and a number of possible models for 
the failure rate λ and the probability per demand p as a function of time are introdued, by evaluation 
of the (NHPP) non homogeneous Poisson process, differing from the “classical” Poisson approach 
or homogeneous Poisson process (HPP), which conversely implies a constant λ parameter: the log 
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linear model, the Weibull process or power-law event rate and an extended power-law process, 
which are detailed in the reference. 
In the following attention is given to generic systems and components, and for the most part to the 
active ones that undergo as well aging mechanisms that challenge their potential to accomplish their 
function properly. 
 
2. Modeling   
 
First step in the implementation of the reliability assessment with the aging aspects is the 
construction of a general model suitable to describe the processes components and materials usually 
undergo. 
In the simplest approach the aging effect is combined with the stochastic or “nominal” failure of a 
component as in figure 1, which outlines the fault tree construction addressing the fault of a generic 
component, where the two kinds of failure are represented by two different basic events, connected 
to the top event by an OR gate. 
In the present treatment the fault tree model is considered the most convenient to address the issue 
for its wide use in the PSA studies, although other reliability models such as RBD (Reliability 
Block Diagram) are as well worth considering. 
 
 
 
 

 
Stochastic Failure 

 
Ageing-related Failure 

Component 
Failure 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1: General model for component failure including aging 
 
 
The first contributor represents the random failure events independent of the age of the component: 
it is evaluated as the “conventional” failure model associated with the basic events (i.e. exponential 
failure model 1-e –λt, λ constant failure rate inverse of the mean time between failures, t operating 
time), commonly used for component unavailability assessment. In this case the probability of 
failure is independent of the age of the component, being identical for a certain mission time t, both 
for a new component and a component accumulating a relevant number of hours of operation (this 
is referred as the memoryless property). As soon as deterioration process takes place, the failure rate 
increases and aging-related contributor overlaps, following another kind of distribution which will 
depend on the age parameter. 
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If the random and aging combined effects intervene and the component has already reached an age 
T at the beginning of a mission time t, the component failure probability during the mission time is 
equivalent to the probability of failure due to stochastic effect and/or the aging effect, from time T: 
 
Q(t) = Qs(t) + Qa(t) – Qs(t) * Qa(t)         (1) 
 
or if the probability of failure is expressed in terms of the reliability figures  
 
Q(t) =  1- R(t) = 1- Rs(t)* Ra(t)         (2) 
 
where the indexes a and s refer to ageing and stochastic respectively, Qs(t) = 1- exp (-λt) 
independent of the age T, and  
 

  dTTf
tT

T
∫
+

)(   

 Q (t) = a
_____________             (3) 

  dTTf
T
∫
∞

)(   

 
that is the conditional probability of failure given its probability of survival to aging at time T or 
reliability, where  represents the probability density function of the age T of the component. )(Tf
The reliability of the component for a mission time t is  
 
R(t) = Rs(t)* Ra(t) = e –λt * Ra(t)         (4) 
 

  dTTf
tT
∫
∞

+

)(   

R (t) =  a
_____________             (5) 

  dTTf
T
∫
∞

)(   

that is the conditional reliability given its probability of survival to aging at time T, analogously to 
relation (3). 
One can observe that the relation (5) is the ratio between the reliability of the component at time 
(T+t) and T respectively; therefore it can be rewritten as 
 
   Ra(T+t) 
Ra(t) =  ___________            (6) 
   Ra(T) 
 
And finally the reliability as defined by (4) is  
 
        Ra(T+t) 
R(t) =   e –λt * __________           (7) 
       Ra(T) 
 
In case of more than one component connected in series in a system, the reliability of the whole 
system will be the product of the reliabilities of all the components, for the mission time t. 
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            Rai(Ti+t) 
R(t) =   e –Σλit * ∏ __________           (8) 
             Rai(Ti) 
The Ti values represent the ages of the different components. 
Lastly, the total reliability of a component, as expressed by equation (7), can be expressed as well in 
terms of total failure rate, including both the stochastic and aging failure rates λ= λs+ λa, according 
to 
 

 R(t) =   exp [- ]           (9) dt
tT

T
∫
+

λ

the exponent is equivalent to the area under the curve λ= λs+ λa limited by T and (T+t). 
 

∫
+ tT

T

dtλ = = λ( dt
tT

T

as∫
+

+ λλ ) s*t +          (10) dt
tT

T

a∫
+

λ

 

The integral can be approximately evaluated (for short intervals) as the arithmetic mean of 

the values corresponding to the interval T and (T+t): 

dt
tT

T

a∫
+

λ

 
λam = 1/2[λa (T) + λa (T + t)]          (11) 
 
this can be represented also in the form of the ratio between the probability distribution functions 
and the cumulative probability of survival  
 
λam = 1/2[ f(T)/R(T) + f(T+t)/R(T+t)]         (12)   
Hence the integral becomes with a good approximation  
 

dt
tT

T

a∫
+

λ = λam * t           (13) 

 
and the combined reliability  
 
R(t) = exp[-(λs + λam) * t]          (14) 
     
Here λam is a function of the age of the component (see (10) and (11)) and, in case the failure rate 
due to aging is at least one order of magnitude less than λs, it can be neglected since its contributor 
to the total number of failures is less than 10%. 
Let’s now look at the differences between the cases of a new component with zero hours of service 
and a component with a certain number of hours of operation. 
For a component, the cumulative probability to survive the random failures and the aging failures, 
for a period from T=0 when the component is new to the age T can be evaluated from (7) 
 
       Ra(0+T) 
R(T) =   e –λT * __________   =  e –λT *   Ra(T)        (15) 
       Ra(0) 
 
since Ra(0)=1 
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In figures 1 and 2 the corresponding reliability curves R(t) are plotted, assuming an exponential 
distribution for the stochastic failures (mean value m=1/λ) and a normal distribution for the ageing 
faults (mean life due to usage M), respectively with M greater and less than m. 
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These figures of combined reliability are obtained by multiplying the function of survival 
probability to the stochastic faults and the function of survival probability to the ageing effects. 
Both figures highlight how the combined reliability curve features an exponential behavior, until an 
age T1. Successively the ageing effects appear and the curve decreases rapidly to zero. In case the 
component has already accumulated a certain period of operation T0, equation (7) gives  
 
       Ra(T0+t) 
R(t) =   e –λt * __________           (16) 
       Ra(T0) 
 
R(t) is 1 for t=0, that is at the beginning of the operating period under consideration. 
Figure 3 represents the present case for an operating period exceeding To. 
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From the figure it is apparent how the combined reliability decreases very rapidly, after a very short 
time interval when the exponential distribution is followed, meaning that the ageing condition 
becomes preponderant with respect to the random failures. 
 
Similarly the probability of failure of a component can be estimated in both cases starting from (1) 
and considering (3),  
 
Q(T) = (1– e –λT) + F(T) – (1– e –λT) * F(T)       (17) 
 
or equivalently 
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Q(T) = (1– e –λT) + dTTf
T

∫
0

)(  – (1– e –λT) * dTTf
T

∫
0

)(      (18)

for a new component, and 
 
Q(t) = (1– e –λt) + F(T0 +t)/R(T0) – (1– e –λt) * F(T0 +t)/R(T0)     (19) 
 
or more explicitly             

Q(t) = (1– e –λt) + / R(T0) – (1– e – λt) * / R(T0)  ∫
+ tTo

To

dTTf )( ∫
+ tTo

To

dTTf )(                    (20)                         

                                         
for a component which has already undergone T0  hours of operation (where for t=0 the unreliability 
is zero).  
Similarly as the failure rate given by (9) relates an aged component of T0 hours, for a new 
component (9) becomes: 
 

∫
T

dt
0

λ = = λ( dt
T

as∫ +
0

λλ ) s*T +          (21) dt
T

a∫
0

λ

 
From the above treatment it appears clear that the type of distribution suitable to describe the 
component ages is playing a very important role in the assessment of the unavailability or reliability 
of the component: in the next section some of them are discussed as applications of the 
methodology. 
Finally, it has to be underlined that possible renewal of the component as a result of the reliability 
improvement process of the whole system, including conditioning monitoring and maintenance 
operation, is not taken into account in the present study. For this reason the actual reliability 
parameters are expected to be better than the ones resulting from this analysis.  
  
3. Probability distributions for the aging parameter 
 
As noted above the kinds of probability distributions of the age affect very relevantly the reliability 
figure of the component. In this section any pdfs are examined with special focus on the Weibull 
distribution, which fits well the items wear out behaviour. 
Ref. 7 credits the normal distribution for the aging driving parameter T: 
 
f(T) = (1/σ π2 )exp – ((T-M)2/2σ2)                  (22) 
 
where M is the mean value and σ the standard deviation. 
The choice of the Gaussian distribution allows evaluating quite easily the expressions for the 
component reliability as introduced in the previous section by considering the areas under the curve 
of the normal pdfs.  
In case of normal distributions relationship (3) becomes: 
 

T+t  
  ∫ (1/σ π2 )exp – ((T-M)2/2σ2)dT           
 
Qa(t) = _______________________________________         (23) 

T 

 

 

 

_

 (1/σ π2 )exp – ((T-M)2/2σ2)dT           
 

T 

 ∫
∞
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The normal distribution is a good approximation for positive values of the parameter (and in our 
case T is greater than zero) when the standard deviation is less than the mean value. Conversely 
when M<3 σ, one can consider more correctly the lognormal distribution: 
 
f(T) = 1/σT π2 exp (- (lnT-µ)2/2σ2)        (24) 
 
where µ and σ are respectively the scale and the shape parameter. 
The last distribution well worth being considered is the Weibull distribution, which seems the most 
appropriate to describe the degradation mechanism: in fact it describes very well the right portion of 
the bathtub curve which addresses the wear out behaviour of the life of the component. 
The 2-parameter (β is the shape parameter, η is the scale parameter) Weibull pdf is given by: 
 
f(T) = β/η (T/η) β-1 exp-(T/η) β          (25) 
 
and the cumulative distribution function or unreliability 
 
F(T) = 1- exp-(T/η) β           (26) 
 
The expression for the failure rate is  
 
λ(T) = f(T)/R(T) = β/η (T/η) β-1         (27) 
 
In particular for β>1, f(T) assumes the wear-out type shapes (i.e. the failure rate increases with 
time) and: 

• f(T)=0 at T=0 
• f(T) increases as T reaches the mode and decreases thereafter  
• λ(T) increases as T increases and becomes suitable for representing the failure rates of units 

exhibiting wear-out type failures. 
 For 1 <β< 2 the curve λ(T) is concave, consequently the failure rate increases at a decreasing 
 rate as T increases; for  β> 2 the λ(T) curve is convex, with its slope increasing as T 
 increases. Consequently, the failure rate increases at an increasing rate as T increases 
 indicating remarkable wear-out life behaviour of the component. 
 Figure 4 shows the Weibull failure rates for these two cases. 
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Utilizing the expressions for the failure rates as λa(T) = f(T)/R(T), one can evaluate the reliability of 
the component from (10): for example (27) defines the failure rate when the Weibull distribution is 
considered. 
 
4. Conclusions 

 
The present note deals with the reliability issues related to aging of systems and components, which 
is, for most cases, ignored in the reliability prediction analysis (see for example MIL-HDBK-217). 
Therefore a basic framework is introduced, implementing models suitable to describe the behaviour 
of items undergoing both the stochastic and wear out failure modes. 
The research performed on the topic highlights as well any areas of investigation and development 
in order to improve the understanding of such an issue and implement the proposed related models, 
among which there are: 

• Physics of failure (pof) analysis  
• Degradation mechanisms analysis 
• Weibull representation of age dependent reliability 
• Accelerated life testing and models 
• Remaining life assessment of aging components 
• Interaction with the maintenance and surveillance programs 

In particular one gap still to be filled concerns the relationship between the degradation mechanisms 
due to ageing (notably the changes in the mechanical properties, the physics of failures) and the 
component reliability model, in order to properly incorporate the ageing failures within a 
meaningful system reliability analysis. In fact material ageing models are different from component 
reliability model: the former concerns the physical model describing the ageing process, the latter 
refers to the inclusion of the ageing failure mode into the component probabilistic model. Anyway a 
treatment of the degradation process on the probabilistic standpoint is devised as a mean suitable to 
describe the correspondent failure mode affecting the component and consequently to derive a 
reliability figure consistent with the actual condition of the component. Test (Accelerated Life 
Tests) and operation (coming from the plants) data analysis is envisaged to assess degradation 
mechanisms in terms of reliability parameters, such as failure rate trends, or probability 
distributions of the failure times. 
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Industrial AFT model applications
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Often, life data or time-to-failure data, obtained under normal operating conditions in

order to quantify the life characteristics of products, systems or components, is very diffi-

cult to obtain, because of long life duration of those. That is why a variety of methods like

”accelerated life testing” has been used to estimate the real life duration, that implies that

the reliability practitioners force these products into failing more quickly than they would

practice under normal conditions, until getting an hard failure.1.

Several qualitative ALT show the items reliability under higher stress, but do not make

any measurement of the reliability of items under normal conditions. First, the HALT

Testing(Highly Accelerated Life Test) is a development test, an enhance form of step-stress

testing, which is useful identify weaknesses and manufacturing process problem, to increase

the margin of strength of the design.

The HASS Testing (Highly Accelerated Stress Screens) is a form of accelerated environment

stress screening. It presents the most intense environment of any seen by the product, but

it is typically of a very limited duration. HASS is designed to go to the ”fundamental limits

of the technology”, as defined as the stress level where a least increase could lead to a huge

increase in the number of failures. It is a production screen usually applied to a product

using the HALT method. It use a constant level significantly above the normal condition

and use a limited selection of stress sources (temperature..).

At the end, the HAST Testing (Highly Accelerated Temperature and Humidity Stress Test)

typically takes thousands of hours to detect any failure in new integrated circuits, with the

recent improvements in electronics technology.It applies a single stress source, which starts

at some nominal level and then elevated, to a product at elevated levels to determine the

levels at which the product is destroyed, and failure modes that cause destruction.

1http://www.weibull.com/LifeDataWeb/

1



But these laters do not predict the life duration in the normal condition. That is why, we

will use Accelerated Failure Time model, which is well adopted for accelerated testing, with

dynamic environments.

Accelerated Failure Time2 model (see Bagdonavicius.V, Nikulin.M. 2002)is one part of the

quantitative accelerated life testing. The interest of this theory is to know the influence of

the stress (temperature, etc) on the life duration of these items. Our purpose is to estimate

the reliability under specified values of interest of these variables.

Thus, the idea is to study how failure is accelerated by stress and fit an acceleration model

to data from stress, and to obtain enough failure data at high stress to extrapolate or predict

a survival function and hazard function under normal condition or usual stress. The ”ac-

celerated testing” such as HAST, HASS and HALT implies forcing the items into failing

faster, into breaking, whereas the aim of AFT model is to predict the life durations under

normal stress from the accelerated experiments, that implies predicting life duration of the

items under normal conditions.

Then,the AFT model allows us to control the degradation process and to search the optimal

condition for the products or devices, such as for example :cars3,capacitor,etc. This model

allows to foresee the product or device reliability under normal conditions, under normal

or standard stress, possibly time-varying.

Thus, failure time data are obtained by observing failure times of units under various values

of stresses, such as temperature, pressure, etc. And, the ”accelerated experiments” imply

that random experiments have occurred under stresses higher than usual stress(normal or

standard stress).

There are different types of stress4 :

• constant stress : the stress does not vary during the time, and each specimen is run

at a constant stress level,

• step-stress, where the stress varies during the periods: the specimen is subjected to

successively higher or lower levels of stress, a specimen is first subjected to a specified

constant stress for a specified time period, and higher constant stress in the other

period later, until failure time, etc;

2Bagdonavicius.V, Nikulin .M. (2002) Accelerated Life Models, Modelling and Statistical Analysis.
Chapman & Hall/CRC. 334p.

3http://www.natc-ht.com/accelerated Life Cycle Testing.htm
4WAYNE.B, Nelson. (2004). Accelerated Testing, Statistical Models, Test Plans, and Data Analysis.

John Wiley & Sons, New Jersey. 601p.
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• progressive stress : the specimen undergoes a continuously increasing level of stress,

• cyclic stress : some products repeatedly undergo a cyclic stress loading with amplitude,

like sinusoidal shape, for example,

• random stress : the stress that a specimen undergo is variable continuously in any

time.

Fig 0: different curves of x(·).

Parametric accelerated failure time model is used to analyze life duration under various

stresses, when baseline survival function belongs to the Weibull, log-normal or Generalized

Weibull families of distributions.

The parametric AFT5 model can be used to apply to the industrial case, such as the product

failures.

5Kahle W, Wendt H. (2000) Statistical Analysis of Damage Process. In: Recent Advances in Reliability
Theory, Methodology, Practice and Inference, (Eds. N.Limnios and M.Nikulin) Boston : Birkhauser,
199-212.
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Semi-parametric accelerated failure time model is used when the survival function is un-

known. And the non-parametric model is used when the survival function and life-stress

relationship are unknown.

Some applications of AFT model have occurred like the case of A-device reliability (see

Meeker & Escobar, 1998), by using the parametric AFT model (A), before searching the

best model of fit in order to predict the survival functions under usual or normal stress(B).

Another applications have occurred in the case of capacitors’ reliability (see Meeker & Es-

cobar,1998) (C).

A- Accelerated Failure Time model

The AFT model may be parametric, semi or not parametric. Thus, parametric AFT model

implies some hypothesis about the distribution of life durations. Therefore,we will definite

the parametric AFT model (Subsection 1 and 2) before estimating parameters and survival

functions(Subsection 3), then we will discuss about the fit of survival functions following

the life-stress relationships, through example from Meeker and Escobar data (Subsection

4).

1 - The definition of AFT model

Definition of the AFT model. Let x(·) be a m-dimensional stress : x(·) = (x0 (·) , . . . , xm (·))T ,

where x0(t) ≡ 1 is constant and x1 (·) , . . . , xm (·) are the univariate stresses. Let us suppose

E a set of all admissible m-dimensional stresses:

E =
{

x(·) : x(·) = (x1 (·) , . . . , xm (·))T ; x : [0, +∞[−→ IRm
}

The application of accelerated stresses shortens the life durations of units during time t. Let

x0 be the usual stress(standard or normal): x0 ∈ E0 ⊂ E , x0 could be m-dimensional. And

let us suppose that the life duration Tx(·) under stress x(·) is a positive random variable.

We denote the survival function under stress x(.) is

Sx(·)(t) = P
{

Tx(·) ≥ t
}

(1)

Let x(·), y(·) ∈ E. A stress y(·) is accelerated with respect x(·), and we write y(·) ≻ x(·)

(or y(·) > x(·)) if

4



Sx(·)(t) > Sy(·)(t),∀t (2)

Life-stress relationship

We will deal with the ”accelerated experiments” further in the plan of experiments. Let

r[x(t)] be the life-stress relationship :

r : E −→ IR+

Then, we get the AFT model on E , if

Sx(·)(t) = S0

(

∫ t

0
r[x(τ)]dτ

)

,∀x(·) ∈ E (3)

where S0 is the survival function which not depends on the stress x(·). Often, Sx(·) belongs

to a parametric family, and r[x(·)] is unknown or parameterized. If r[x(·)] = e−βT x(·) then

we have a regression model:

Sx(·)(t) = S0

(

∫ t

0
e−βT x(τ)dτ

)

,∀x(·) ∈ E (4)

If x(τ) = x ∈ E0 is constant in time, then we get from equation (3)

Sx(t) = S0(r(x)t),∀t > 0 (5)

The AFT model can be parametric by posing an hypothesis on the survival function, and

by supposing that the survival function can be parameterized (2).

2 - Parametric AFT model, life-stress relationship and

plans of experiments

Parametric AFT model is more used among the other AFT models. This model implies

knowing the survival function and parameterize the life-stress relationship , so as to say

knowing the r function.

Parameterizations of AFT model

If x ∈ E0 is constant in time and r is parameterized as

r(x) = e−βT x (6)

where the vector x = (x0, . . . , xm)T and x0 ≡ 1,then the AFT model yields from (6)

Sx(t) = S0(e
−βT xt) (7)
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respectively. If this model (7) holds on the set E0 , then

∀(x1, x2) ∈ E2
0 , Sx2 = Sx1(ρ(x1, x2)t) (8)

where ρ(x1, x2) = r(x1)/r(x2) shows the degree of scale variation. It is obvious that

ρ(x, x) = 1. Sometimes, it is possible to parameterize the r function with another pa-

rameterizations such as the vector of specified functions ϕ (x(·)).

Let us suppose that the covariant functions vector ϕ (x(·)) = (ϕ0(x(·)), ..., ϕm(x(·)))T and

ϕ0(x(·)) ≡ 1 , where ϕi are specified functions of the stress x(·). In fact, the stress x(·) would

influence indirectly in the survival function through the specified functions ϕ0, . . . , ϕm, fol-

lowing parameterizations models(Arrhenius,etc.). But we use the same notation of specified

functions as x(·).

If the stress is one-dimensional and constant, if r is parameterized as

r(x) = e−β0ϕ0(x)−β1ϕ1(x) ⇐⇒ r(x) = e−β0−β1ϕ1(x) (9)

where ϕi(i = 0, 1) is a given function of x, then there are 3 famous models:

• log-linear model , where r(x) = e−β0−β1x, β1 < 0, ϕ1(x) = x, (9a)

• power-rule model, where r(x) = e−β0−β1 ln x, β1 < 0, ϕ1(x) = ln x, (9b)

• Arrhenius model, where r(x) = e−β0−β1/x, β1 > 0, ϕ1(x) = 1/x where x is a scalar.

(9c)

These models can be generalized as :

r(x)=

{

exp−β0 − β1(x
ǫ − 1)/ǫ, ifǫ 6= 0

exp−β0 − β1 ln x, otherwise
(10)

NB:

By generalizing r(x), if the stress x is constant and m-dimensional, if there is no interaction

between x1, ..., xm, then the model is:

r(x) = exp
{

−β0 −
∑m

i=1

∑ni

j=1 βijϕij(x)
}

, (11)

where ϕij(x) are specified functions and βij are unknown parameters.

Plan of experiments in parametric AFT model

The choice of plan of experiments implies thinking about the choice of the variables.

Let us consider the so-called first plan of experiments when the items are studied under

6



the accelerated constant stresses x0 ≺ x1 ≺ . . . ≺ xk (or x0 < x1 < . . . < xk), where

xi ∈ E0, i = 0, . . . , k. The usual stress is not used during the experiments. Let k the

number of observed groups of units. ni units are tested under stress xi.

Thus, the survival function S0, which not depends on the stress x, belongs to the family of

Weibull or log-normal distribution, and is expressed as

S0(t) = G
(

(t/θ)1/σ
)

(12)

where σ = 1/ν and G is the specific survival function as respectively expressed as :

G(t) = e−t (Weibull) (12a)

G(t) = 1 − Φ (ln t) (Lognormal) (12b)

Φ(u) is the distribution function of the standard normal distribution. If the θ parameter is

included in the parameter β0 in the AFT model, this survival function S0 can be expressed

as

S0(t) = G
(

t1/σ
)

(12c)

Therefore the survival function under constant stress x = xi ∈ E0 is, in the two cases,

Sxi
(t) = S

(

ln t−βT x(i)

σ

)

= S0

(

e−βT x(i)t
)

, t > 0, σ > 0 (13)

where x(i) = (xi0, . . . , xim)T , l = 0, . . . ,m. And S(u) = G(eu), u ∈ R, β = (β0, . . . , βm)T .

l = 1, . . . ,m, xi0 = 1.

When the life-time durations have a Generalized Weibull distribution (see Bagdonavicius

and Nikulin,2002), then the survival function S0 may be expressed as

S0(t) = exp {1 − (1 + (t/θ)ν)γ}, t > 0, ν > 0, (14)

If θ is included in the parameter β0, in the AFT model, then

S0(t) = exp {1 − (1 + tν)γ}, t > 0, ν > 0. (14b)

Therefore, we get a function under constant stress x = xi ∈ E0:

Sx(t) = exp
{

1 −
(

1 +
(

e−βT xt
)ν)γ}

, t > 0 (15)

7



where x = x(i) = (xi0, . . . , xim)T , with i = 1, . . . , k and l = 0, . . . ,m, xi0 = 1.

But if the life-stress relationship r(x) is unknown, the parameter r (x0) can not be written

as a known function of the estimated parameters β̂. So r (x0) and the survival function

under usual stress Sx0(t) can not be estimated in the parametric model.

Let us consider the so-called second plan of experiments when the items are studied under

the constant step-stresses, where n units are on test at an initial low stress. And if it does

not fail in a predetermined time t1 is increased and so on. Thus all units are tested under

the step-stress as show in (15b)

x(τ) =























x1, 0 ≤ τ < t1,

x2, t1 ≤ τ < t2

. . . , . . .

xk, tk−1 ≤ τ < tk

where xj = (xj0, . . . , xjm)T ,xj0 = 1, t0 = 0,tk = +∞.Thus,for step-stresses, the survival
function can be written as

Sx(·)(t) = Sxi
(t)

8<:t − ti−1 +
1

r (xi)

i−1X
j=1

r (xj) (tj − tj−1)

9=; (16)

where i = 1, 2, . . . , k and t ∈ [ti−1, ti[. Therefore the survival function under stress x(τ) is

Sx(.)(t) = S0







1 {i > 1}
i−1
∑

j=1

e−βT xj (tj − tj−1) + e−βT xi (t − ti−1)







(16b)

where xjl may be not the stress components but some specified functions of them. l =
0, . . . ,m and xj0 = 1.

Let us consider the so-called third plan of experiments when the items are studied in two

groups of testing. Suppose that the failure under usual(standard or normal) stress x0 takes

large values and most of the failure occur after the moment t2 given for the experiment.

The first group of units n1 are tested under a constant accelerated stress x1, and the second

group of units are tested under a step-stress x2: x1 until the moment t1,then under the

usual stress x0 until the moment t2, so as to say

x2 =

{

x1, 0 ≤ τ ≤ t1,

x0, t1 < τ ≤ t2

8



Units use much of their resources until the moment t1 under the accelerated stress x1, so

after the switch-up failures occur in the interval [t1, t2] even the usual or normal stress.

Therefore, the survival function in AFT model is

Sx1(u) = Sx0(ru)

where r = r(x1)/r(x0), and

Sx2(t) = Sx0 (r (u ∧ t1) + (u − t1) ∨ 0) , (17)

with a ∧ b = min(a, b) and a ∨ b = max(a, b).

Finally, let us consider the so-called fourth plan of experiments, where k groups of units are

observed. The i-th group of ni units is tested under one-dimensional constant stress x(i)

until the ri-th failure (ri ≤ ni), with type II censoring(until ri-th ”failure”). The failure

moment of i-th group are Ti1 ≤ . . . ≤ Tiri
, where i = 1, . . . , k.This plan of experiment is

used when the failure-time distribution is exponential.

To explain the following formulas, let Em a set of step-stress of the form (15b). In AFT

model, we suppose the items are undergone under stress x1 until the moment t1 and then

under higher stress x2. If the Sedyakin holds on E2 then the survival function(17b) and

hazard rate(17c) under the step-stress x(·) ∈ E2 satisfy the equalities in

Sx(·) =

{

Sx1(t), if 0 ≤ t < t1,

Sx2(t − t1 + t∗1), if t > t1

and

λx(·) =

{

λx1(t), if 0 ≤ t < t1,

λx2(t − t1 + t∗1), if t > t1

where t∗1 is the moment which verifies this equality Sx1(t1) = Sx2(t
∗

1).

We have the Sedyakin property as shown in the graph in Fig 0B. Thus, the risk function

λ0 which not depends on the stressx(·) is

λ0(t) =
−S ′

0(t)

S0(t)

9



Fig 0B: Sedyakin property.

Following the parameters of Weibull and Generalized Weibull distributions, we have differ-

ent curve of hazard functions. The hazard function increase from 0 and reach a peak before

decreasing to 0, the curve has a ∪−shape. In the case of Generalized Weibull distribution,

if 0 < ν < 1 and 1/γ < ν, the curve of hazard function has a ∪−shape. If 1/γ > ν > 1, the

curve of hazard function has a ∩−shape. In case of Weibull distribution, if 0 < ν < 1 then

the hazard function decrease from +∞ to 0. If ν > 1 then then hazard function increase

to +∞.

In AFT model, by supposing that the time-to-failure has a Weibull distribution, an increase

of δx, make the items into failing faster, then the risk function increase faster than one

with the stress x.

10



According to Meeker and Escobar (1998), the life durations of the A-devices is over 5000

hours, in most of cases. As we do not know how long the A-devices are reliable at 10oC,

we want to estimate the survival functions under usual stress (at 10oC). We do not know

the value of the parameter vectorβ and ν = 1/σ (or γ in case of generalized Weibull

failure-time distribution). To estimate this survival function under the stress x and its two

confidence limits, we have to estimate the parameter β and σ(and γ), by using R software.
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3 - Parameters estimations: Weibull, log-normal and Gen-

eralized Weibull distributions

To estimate the survival functions under usual or normal stress and its two confidence

limits, we have to estimate these parameters by maximizing the log-likelihood, by comput-

ing with R software. These estimation methods are specifically different following several

hypothesis about the failure-time distribution (Weibull, lognormal, generalized Weibull).

Case of Weibull or log-normal data distribution:

Let ti be the maximum experimental duration of i − th group, where its size is ni , under

the accelerated stress xi,(i = 1, . . . , k). The life duration of the j − th unit from i − th

group is the variable Tij such as Xij = (Tij ∧ ti) and

δij = 1 {Tij < ti} , S(u) = G(eu), f(u) = −S ′(u), λ(u) =
f(u)

S(u)
, u ∈ R.

where G is the specific survival function in equations (12a) and (12b).

Likelihood maximization and Fisher information matrix, Weibull and Lognormal distributions

The likelihood function is

L(β, σ) =
k
∏

i=1

ni
∏

j=1

[

1

σXij

λ

(

ln Xij − βT x(i)

σ

)]δij

S

(

ln Xij − βT x(i)

σ

)

(18)

By derivations of this log-likelihood lnL(β, σ), we have to resolve

Ul(β, σ) = ∂ ln L(β,σ)
∂βl

= 1
σ

∑k
i=1 xil

∑ni

j=1 aij (β, σ) = 0, for l = {0, . . . ,m} , (19a)

Um+1(β, σ) = ∂ ln L(β,σ)
∂σ

= 1
σ

∑k
i=1

∑ni

j=1 {vij (β, σ) aij (β, σ) − δij} = 0, (19b)

where vij(β, σ) =
ln Xij−βT x(i)

σ
and aij = λ (vij (β, σ)) − δij (ln λ)′ (vij (β, σ)).

The Fisher information I(β, σ) = (Ils (β, σ))(m+2)×(m+2) is a matrix with following compo-

nents :

Ils (β, σ) = −∂2 ln L(β,σ)
∂βl∂βs

= 1
σ2

∑k
i=1 xilxis

∑ni

j=1 cij (β, σ) = 0, (l, s = 0, . . . ,m) , (20a)

Il,m+1 (β, σ) = −∂2 ln L(β,σ)
∂βl∂σ

= Ul(β,σ)
σ

1
σ2

∑k
i=1 xil

∑ni

j=1 {vij (β, σ) cij (β, σ)} = 0, (20b)

Im+1,m+1 (β, σ) = −∂2 ln L(β,σ)
∂2σ

= Um+1(β,σ)
σ

1
σ2

∑k
i=1

∑ni

j=1

{

v2
ij (β, σ) cij (β, σ) + δij

}

= 0,

(20c)
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where cij = λ′ (vij (β, σ))− δij (ln λ)′′ (vij (β, σ)). Therefore, the inverse information matrix

is : I−1(β, σ) =
(

I ls (β, σ)
)

(m+2)×(m+2)

Estimation of the survival function, p-percentile, and their confidence limits, under

stress x

The estimated survivor under stress x = x0 ∈ E0 is

Ŝx0(t) = S
(

ln t−β̂T x0

σ̂

)

, (21)

where x0 = (x00, . . . , x0m)T , x00 = 1 and S(u) = G0(e
u), u ∈ R. The estimated p-percentile

t̂p(x0) depending on parameter p under stress x0 yields:

t̂p(x0) = exp
{

β̂T x0

}

[

S−1
0 (1 − p)

]σ
, p ∈ [0, 1[ (22)

And this limit distribution K̂p(x0) = ln
{

t̂p (x0)
}

could be approximated by a normal

distribution N
(

Kp, σ
2
Kp

)

, and the variance σ2
Kp

is estimated by

σ̂2
Kp

=

(

∂K̂p (x0)

∂β̂0

, . . . ,
∂K̂p (x0)

∂β̂m

,
∂K̂p (x0)

∂σ̂

)

I−1
(

β̂, σ̂
)

(

∂K̂p (x0)

∂β̂0

, . . . ,
∂K̂p (x0)

∂β̂m

,
∂K̂p (x0)

∂σ̂

)T

=
m
∑

l=0

m
∑

s=0

x0lx0sI
ls
(

β̂, σ̂
)

+ 2 ln
[

S−1
0 (1 − p)

]

m
∑

l=0

x0lI
l,m+1

(

β̂, σ̂
)

+

ln2
[

S−1
0 (1 − p)

]

Im+1,m+1
(

β̂, σ̂
)

(23)

Thus, this statistic K̂p(x0)−Kp(x0)

σ̂2
Kp

has approximately a N (0, 1) distribution, if m is large.

This (1 − α) approximate confidence limit for Kp(x0) is :

K̂p(x0) ± σ̂Kp
w1−α/2 (24)

where wα is α − percentile from N (0, 1) distribution. And the (1 − α) approximate confi-

dence limit for Qx0(t) = Sx0(t)/(1 − Sx0(t)) and Sx0(t) are respectively

Q̂x0(t) ± σ̂Qx
w1−α/2 and

(

1 +
1 − Ŝx0(t)

Ŝx0(t)
exp

{

±σ̂Qx
w1−α/2

}

)

−1

(25)
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where

σ̂Qx
=

S′

�
S−1

�
Ŝx0 (t)

��
σ̂2Ŝx0 (t)

�
1 − Ŝx0 (t)

�×vuutσ̂2

mX
l=0

mX
s=0

x0sx0lIls
�
β̂, σ̂
�

+ 2σ̂
�
ln t − β̂T x0

� mX
l=0

x0lIl,m+1
�
β̂, σ̂
�

+
�
ln t − β̂T x0

�2
Im+1,m+1

�
β̂, σ̂
�
. (26)

Case of Generalized Weibull data distribution:

Let ti be the maximal experimental duration of i− th group, where its size is ni , under the
accelerated stress xi (i=1,. . . ,k). Let β = (β0, . . . , βm)T be the parameter to estimate. The
life duration of the j − th unit from i − th group is the variable Tij such as Xij = Tij ∧ ti
and δij = 1 {Tij < ti}. And ti is the moment of censure for the i − th group, as there are
k groups of observations.

These stress xi ∈ E0 for i − th group is constant in time, the likelihood function is in
equation (27):

L(β, ν, γ) =

k
∏

i=1

ni
∏

j=1

{

νγe−νβT x(i)

Xν−1

ij

(

1 +
(

e−βT x(i)

Xij

)ν)γ−1

exp

{

1 −

(

1 +
(

e−βT x(i)

Xij

)ν−1
)γ}}

where x(i) = (xi0, . . . , xim), xi0 = 1 and ν = 1/σ.

Fisher information matrix

By derivations of this log-likelihood lnL(β, ν, γ), we have to resolve the following system

Ul(β, ν, γ) =
∂ lnL(β, ν, γ)

∂βl
= ν

k
∑

i=1

xil

ni
∑

j=1

(γωij (β, ν, γ) − δijuij (β, ν, γ)) = 0, l = 0, . . . , m; (28)

Um+1(β, ν, γ) =
∂ ln L(β, ν, γ)

∂ν
=

D

ν
−

1

ν

k
∑

i=1

ni
∑

j=1

(γωij (β, ν, γ) − δijuij (β, ν, γ)) lnhij(β, ν, γ) = 0;

Um+2(β, ν, γ) =
∂ lnL(β, ν, γ)

∂γ
=

D

ν
−

1

ν

k
∑

i=1

ni
∑

j=1

((1 + hij (β, ν))γ − δij) ln (1 + hij(β, ν)) = 0,

where D =
∑k

i=1

∑ni

j=1 δij and hij(β, ν) =
(

e−βT x(i)
Xij

)ν
, ωij (β, ν, γ) = (1 + hij(β, ν))γ−1 and

uij(β, ν, γ) = 1 + (γ − 1)
hij(β,ν)

1−hij(β,ν) .

The Fisher information I(β, ν, γ) = (Ils (β, ν, γ)))(m+3)×(m+3) is a matrix with following compo-

nents :

Ils (β, ν, γ) = −
∂2 ln L (β, ν, γ)

∂βl∂βs

=

ν

k
∑

i=1

xilxis

ni
∑

j=1

{

νωij (β, ν, γ) (1 + hij (β, ν)) − δij (uij (β, ν, γ) − 1)

1 + hij (β, ν)

}

, (l, s = 0, . . . ,m) (29a)
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Il,m+1 (β, ν, γ) = −
∂2 ln L (β, ν, γ)

∂βl∂ν
= −

1

ν
Ul (β, ν, γ) −

k
∑

i=1

xil

ni
∑

j=1

{

ln hij (β, ν)

1 + hij (β, ν)

}

×

{γωij (β, ν, γ) (1 + γhij (β, ν)) − δij (uij (β, ν, γ) − 1)} , (l = 0, . . . ,m) (29b)

Il,m+2 (β, ν, γ) = −
∂2 ln L (β, ν, γ)

∂βl∂γ

= −
1

ν

k
∑

i=1

xil

ni
∑

j=1

{

ωij (β, ν, γ) (1 + γ ln (1 + hij (β, ν))) − δij
hij (β, ν)

1 + hij (β, ν)

}

, (l = 0, . . . , m) , (29c)

Im+1,m+1 (β, ν, γ) = −
∂2 ln L (β, ν, γ)

∂ν2
=

1

ν
Um+1 (β, ν, γ) +

1

ν2

k
∑

i=1

ni
∑

j=1

{

ln2 hij (β, ν)

1 + hij (β, ν)

}

×

{γωij (β, ν, γ) (1 + γhij (β, ν)) − δij (uij (β, ν, γ) − 1)} +
1

ν2

k
∑

i=1

ni
∑

j=1

lnhij (β, ν, γ)×

{γωij (β, ν, γ) − δijuij (β, ν, γ)} , (29d)

Im+1,m+2 (β, ν, γ) = −
∂2 lnL (β, ν, γ)

∂ν∂γ
=

1

ν
×

k
∑

i=1

ni
∑

j=1

hij (β, ν) lnhij (β, ν)

1 + hij (β, ν)
{(1 + hij (β, ν))γ + γ (1 + hij (β, ν))γ + ln (1 + hij (β, ν)) − δij} (29e)

Im+2,m+2 (β, ν, γ) = −
∂2 ln L (β, ν, γ)

∂γ2
=

D

γ2
+

k
∑

i=1

ni
∑

j=1

(1 + hij (β, ν, γ))γ ln2 (1 + hij (β, ν, γ)) (29f)

Survival function: estimation and the confidence limits.

Then, the estimated survival function under stress x(.) is

Ŝx(.)(t) = exp

{

1 −

(

1 +
(

∫ t

0
e−β̂T x(u)du

)ν̂
)γ̂
}

(30)

And if x(.) = x ∈ E0 is constant, then

Ŝx(t) = exp

{

1 −

(

1 +
(

e−β̂T xt
)ν̂
)γ̂
}

(31)

where x = (x0, . . . , xm)T and x0 = 1. The stress x could be m-dimensional. If x = x0 ,

then the estimated survival function under stress x = x0 is

Ŝx0(t) = exp

{

1 −

(

1 +
(

e−β̂T x0t
)ν̂
)γ̂
}

(32)
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where x0 ∈ E0 is the usual stress (standard or normal), x0 = (x00, . . . , x0m)T and x00 = 1.

Under usual stress x, the (1−α) approximate confidence limit for Qx(t) = ln (Sx(t)/ (Sx(t)))

and Sx(t) is respectively

Q̂x(t) ± σ̂Qx
w1−α/2and

(

1 + 1−Ŝx(t)

Ŝx(t)
exp

{

±σ̂Qx
w1−α/2

}

)

(33)

where

σ̂Qx
=

1
(

1 − Ŝx

)2

m+2
∑

l=0

m+2
∑

s=0

al

(

β̂, ν̂, γ̂
)

I ls
(

β̂, ν̂, γ̂
)

aT
s

(

β̂, ν̂, γ̂
)

al

(

β̂, ν̂, γ̂
)

= −ν̂xlam+1

(

β̂, ν̂, γ̂
)

/
(

ln t − β̂T x
)

, l = 0, . . . ,m

am+1

(

β̂, ν̂, γ̂
)

= −γ̂
(

e−β̂T xt
)ν̂
(

1 +
(

e−β̂T xt
)ν̂
)γ̂−1

(

ln t − β̂T x
)

,

am+2

(

β̂, ν̂, γ̂
)

= −
(

1 − ln Ŝx(t)
)

ln

(

1 +
(

e−β̂T xt
)ν̂
)

The computes of (1 − α) approximate confidence limit for Qx(t) = ln (Sx(t)/ (Sx(t))) and

Sx(t) are respectively the same with x = x0.

After estimating the survival function under given stress, we will discuss about the fit of

survival functions following the life-stress relationship (Subsection 3).

3 - Results: Example 1- Weibull data distribution, 1st

plan of experiment, censored data

We simulate this model from data, dealing with A-typed devices failures in the population

of 135 devices (see Meeker and Escobar-1998.p637). In the data6, all the 30 observations

are censored at 10oC, and they are not taken into account for the estimations. As the life

duration is over 5000 hours, we don’t know how long the devices at 10oC are reliable (see

Meeker and Escobar -1998).

We suppose that Tij (the life duration in hours) have a Weibull distribution and ν = 1/σ

is unknown. The stresses x1, x2, x3 of each group 1,2,3 are respectively the different tem-

perature in Kelvin degree (273.15oK=0oC): x1 = 273.15 + 40 < x2 = 273.15 + 60 < x3 =

273.15 + 80. Let Xij = (Tij ∧ ti). And δij = 1 {Tij < ti} is the state of each observation

(censored or not).The experimental duration is limited to ti = 5000(hours) for all group i,

and a ∧ b = min(a, b).

6Meeker W.Q, Escobar.L. (1998). Statistical Method for Reliability Data. J.Wiley, New York.p495-503
and p.637.
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There are 100 observations under the stress x1, 20 observations under the stress x2,15

observations under the stress x3. These are the empirical survival functions, by using

Kaplan-Meier estimate, following different temperature,as the data are censored.

By maximizing this likelihood, it yields the estimated parameters in Table 1, following

the life-stress relationship model. Therefore the estimation of Qx0(t) as expressed as

Qx0(t) = ln (Sx0(t)/ (1 − Sx0(t)))showed with two 95%confidence limits, following three

life-stress relationship, in the graph in Fig.1.

With a temperature of 10oC(normal stress),we can notice that these limit confidences are

narrower with the log-linear model than the others confidence limits. With the power-rule

and Arrhenius models of parameterization, these confidence limits of Qx0 is wider than

other confidences limits.

Table 1: Estimated parameters following the life-stress relationships. Weibull data distribution. 1st plan
of experiment.

Life-stress relationships Log linear model Power-rule model Arrhenius model

Log-likelihood -323.4361 -323.4732 -323.5314

value of β̂0 30.71622875 136.1380199 -13.2151294

value of β̂1 -0.06575214 -21.9250376 7321.1370781

value of σ̂ 0.70344511 0.7051247 0.7087435

And the usual(normal or standard) stress x0 < x1, a least temperature has fewer influence

on the survival function, showing the normal failure under normal condition. The confi-

dence limits of survival function are wide, because of lots of censored data.
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The estimated parameters are a little different to the Meeker’s results, because Meeker and

Escobar have supposed that the baseline of survival functions belongs to the Log-normal

distribution,and have included Boltzmann constant in the Arrhenius model.

Fig 1: different curves of Qx0

And the estimate of the survival function Sx0 under supposed usual stress x0 = 10+273.15

is showed with two 95% confidence limits, following three life-stress relationships, in Fig.2.

This curve of the survival function has not the exponential function shape, because σ̂ is

different to 1. We notice that log-linear model shows two 95% confidence limits of Sx0

narrower than other confidence limits.

In fact, an important part of these data is censored (t > 5000 hours). The risk function

λx0(t) = −S ′

x0
(t)/Sx0(t) under the stress x0 = 10+273.15 (10oC degree), with the log-linear

model of parameterization, is rising slower and slower with the life duration t, converging

to +∞.

In fact, an important part of these data is censored (t > 5000 hours). The hazard rate is

higher and higher with the time t.
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Fig 2: different curves of Sx0

And this risk function rise faster than other risk functions with these Arrhenius and power-

rule models of parameterization

In summary, the survival functions differ following the life-stress relationship: log-linear

model, power-rule model, Arrhenius model. The Arrhenius model is the model which is

often used when the stress variable is the temperature.

We will see another example, showing the different fit of the model when the life dura-

tion have a generalized Weibull distribution, in order to discuss about the fitting models

when the failure times have a lognormal, Weibull and Generalized Weibull distributions(B).
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B- Other example with generalized Weibull distribution, and

discussion between these three survival functions following the

failure-time distribution, and discussion.

Another examples of simulation about the accelerated failure time model show the prop-

erties of the generalized Weibull family in AFT model(1), before comparing in fit between

three model when the failure-times have a Weibull, Log-normal and generalized Weibull

distributions(2).

1 - Results : Generalized Weibull data distribution, 1st

plan of experiment, uncensored data7

The aim of this example is to show how the Generalized Weibull failure time distributions

can influence on the fitting survival function to the data. Thus, by generating fictive data,

we simulate this model. We suppose that the life durations have a Generalized Weibull

distribution. The stresses x1,x2,x3,x4 of each group 1,2,3,4 are respectively disease level

(for example lungs illness): x1 = 2 < x2 = 4 < x3 = 6 < x4 = 10.

And the observed life duration in the i − th group for an j − th item is Tij, where

Xij = (Tij ∧ ti). ti is the experimental duration limits for i − th group of items under

the stress xi, where δij = 1 {Tij < ti} is the state of each observation (censored or not).

The experimental duration is limited to ti = +∞ (days) for all group i, and a∧b = min(a, b).

For example, these observations are not censored and the power-rule model is used. As

these data are uncensored,ti = +∞. Let x = x0 < x1 be the given usual stress(standard

or normal). There are n1 = 100 observations under the stress x1 , n2 = 80 observations

under the stress x2 ,x3 = 60 observations under the stress , n4 = 110 observations under

the stress x4 .

By maximizing this likelihood, it yields the estimated parameters, following the parameter

γ (Table.2).

With the parameter γ = 1, the function has its confidence limits narrower than other func-

tions . In fact, it corresponds to the standard Weibull data distribution.

7Bagdonavicius.V, Clerjaud.L, Nikulin.M. Statistical Analysis of AFT model, based on Generalized
Weibull Family of Distribution, International Workshop Statistical Modeling and Inference in Life Science,
September 2005, Potsdam.
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Table 2: AFT, estimated parameter, Generalized Weibull distribution.

Hypothesis γ = 1 γ = 1.5 γ = 0.5

value of β̂0 4.8754575 5.012587 5.1089525

value of β̂1 - 0.9658394 -1.193830 -1.0788701

value of ν̂ 3.0841331 3.081110 2.7629934

value of γ̂ 0.9176694 1.555724 0.5898975

Thus, the estimate of under usual stress is showed with two 99% confidence limits, following

three supposed location parameter ,in the graph in Fig 3.

If we suppose that γ = 1.6, then the estimated survival function shows two 99% confidence

limits of the estimated survival function Sx0 narrower than other confidence limits when γ

is lower than 1, 6. When the parameter γ is higher, then the estimated survival function

decrease faster in the time than the other estimated survival function. But this survival

function does not decrease proportionally with the parameter γ , because the survival func-

tion decrease more and more slowly with this parameter.

Fig 3: different curves of Sx0 following the parameter γ, generalized Weibull distribution.
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If we suppose that γ = 1.6, then the estimated survival function shows two 99% confidence

limits of the estimated survival function Sx0 narrower than other confidence limits when γ

is lower than 1, 6. When the parameter γ is higher, then the estimated survival function

decrease faster in the time than the other estimated survival functions. But this survival

function does not decrease proportionally with the parameter γ , because the survival func-

tion decrease more and more slowly with this parameter.

To sum up, following the power parameter γ of the Weibull life distribution, the survival

function curves have different shapes. The power parameter γ of the Generalized Weibull

makes the decrease of survival function into slowing down when this value of γ is higher and

higher. From this results, it is worth comparing these fitting models of survival functions

when the failure-times have log-normal, Weibull and generalized Weibull distribution (2).

2- Comparison of fit between these three survival func-

tions when the baseline belongs to the Weibull, log-normal and

generalized Weibull distributions, and discussion.

We will discus about the fit of the data about the A-devices reliability, following the different

hypothesis about the failure-time distribution. According Meeker and Escobar (1998) , the

Arrhenius model with Boltzmann constant is:

r(x) = exp {−β0 − β111605/x}

where B = 8.6171 × 10−5 = 1/11605 is Boltzmann’s constant in electron volts per oK.The

stress is the temperature in Kelvin degree (273.15 + Temperature inCelsius degree).

We wonder which distribution the failure-times have, which model fit better. We can see

the Kaplan-Meier functions, in Fig.4.The higher is the temperature, the faster is the de-

crease of survival functions in times. The temperature has a negative influence on the

reliability of A-typed devices, according to the Meeker and Escobar’s data.

After regression, we can see the different results.In the Arrhenius-lognormal model,the value

of the log-likelihood is -321.7 (see Meeker and Escobar,1998). We can see the estimated

parameters with 95% confidence limits(Table.3).
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Table 3: Table: AFT, estimated parameter and comparison, lognormal distribution, 1st plan of experi-
ment.

Parameters 95% upper confidence limits 95% lower confidence limits Estimation

β̂0 -7.828773 -19.10068 -13.4647239

β̂1 0.789385 0.466081 0.6277331

σ̂ 1.236297 0.7188649 0.9775807

Fig 4: Kaplan-Meier functions.

In the Arrhenius-Weibull model, the value of the log-likelihood is - 323.5323. We can see

the estimated parameters with 95% confidence limits (Table.4).

Table 4: Table: AFT model, estimated parameter and comparison, Weibull distribution, 1st plan of
experiment.

Parameters 95% upper confidence limits 95% lower confidence limits Estimation

β̂0 -6.899239 -19.80651 -13.3528746

β̂1 0.8234391 0.4462843 0.6348617

σ̂ 0.9115808 0.5107704 0.7111756

And the Arrhenius-Generalized Weibull model present the log-likelihood with its value of

-321.9023. We can see the estimated parameters with 95% confidence limits, in Table 5.

The estimations are different following the different baseline survival functions. But all

these 3 models seem to have the same quality of fit(Fig.5). The differences between 3

models are not wide. That is why it is interesting to see the different estimated survival

functions and the Kaplan-Meier function, for each temperature.
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Table 5: Table: AFT model, estimated parameter and comparison, Generalized Weibull distribution, 1st
plan of experiment.

Parameters 95% upper confidence limits 95% lower confidence limits Estimation

β̂0 -8.474848 -19.95358 -14.2142117

β̂1 0.7837712 0.4639804 0.6238758

ν̂ = 1/σ̂ 3.463031 0.895131 2.1790811

γ̂ 0.5728034 0 0.2605453

If we see the different curves of estimated survival functions and the different values of

Log-likelihood, the quality of fit is almost the same each other. But 90/100 of the obser-

vations at 40oC, 9/20 of the observation at 60oC and 1/15 of the observations at 80oC are

censored, because their life duration has exceeded 5000 hours.

Fig 5: Different curves of the Kaplan-Meier function.

By taking account these censored data, the Arrhenius-lognormal model is slightly better

than Arrhenius-Weibull model. But Arrhenius Generalized Weibull models fits as better

as Arrhenius-lognormal model.

Therefore, the estimated survival function under the usual stress (we suppose that the

normal condition is 10oC) is better in the Arrhenius-Lognormal and Arrhenius-Generalized

Weibull models. But which one of these two models is better? As the difference between

these two models (Arrhenius-Lognormal and Arrhenius-generalized Weibull) is not signifi-

cant in fitting data. Then, there are two approximate estimation of the survival functions

which are approximately the same, as shown in Fig.6.

Thus, the two 95% confidence limits of these 2 last estimated survival functions are nar-

rower than two other confidence limits when the failure times have a Weibull distribution.
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As the Arrhenius-Log normal model has approximately the same estimation of survival

function as this estimation in the Arrhenius-Generalized Weibull model, the risk or hazard

rate functions are approximately the same. The red and black curves shows better the

evolution of the risk function in the time t. At 10oC, the risk function is rising fast,and

then this rise slow down and decrease after, until obtaining a ∩ − shape.

The lognormal life distribution fits better than Weibull life distribution, according to

Meeker&Escobar (1998). But this life distribution does not fit better than Generalized

Weibull distribution. In fact, the Arrhenius-Generalized Weibull model fits as better as

the Arrhenius-Lognormal model.

Nonetheless this later would not be always as better as shown in the Meeker&Escobar

data, dealing with reliability of A-typed devices, because the lognormal life distribution is

a particular life distribution.

Fig 6: Different estimated survival functions, Arrhenius-Weibull, Arrhenius-Lognormal, Arrhenius-generalized Weibull.

As the Generalized Weibull life distribution is the generalization of the Weibull life distri-

bution, this Arrhenius-Generalized Weibull model would be often be used to fit data and

estimate the survival function under the normal stress, at lower temperature corresponding

the normal condition. Amount of 77% of these devices would be reliable in 100000 hours.
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To conclude, the lognormal life distribution is a particular distribution, whereas the Gen-

eralized Weibull life distribution is more general which would be more often used than the

lognormal life distribution.

. Thus, we will interest in applications of the AFT model to the case of capacitor reliability,

with bi-dimensional stress (temperature and voltage) (C)

C- Other example : capacitor’s failure-times, Weibull

data distribution, 1st plan of experiment,censored data,

2 stresses.

We simulate this model from data, dealing with capacitors reliability in the population of

2202 items8(see Meeker&Escobar-1998). The capacitors are one of these electronic com-

ponents. The life-stresses are voltage and temperature in Kelvin degree. Let us suppose

that a bi-dimensional stress x = (x1, x2)
T ∈ E0, the stress x1is the voltage and x2 is the

temperature. We suppose that life durations have a Weibull distribution. The different

voltage levels in Volt are : 35,40.6,46.5,51.5,57,62.5.

The different temperature levels in Kelvin degree are : 273.15+5, 273.15+45, 273.15+85.

There are 8 groups of observations under combined stresses x1 and x2. Then, the life dura-

tion of j-th items, in the i-th group under bi-dimensional stress xi = (x1i, x2i) ∈ E2
0 , Tij is

expressed in hours. The experimental duration limit for each group i is ti which is decided

by experimenters.

The quantity Xij = (Tij ∧ ti).δij = 1 {Tij < ti} is the state of each observation (censored

or not).

These observations are censored and the Arrhenius-power-rule model is used. As these

data are uncensored. There are 1000 observations at 35V and 85+273.15oK in experiment

during 37000 hours, 200 observations at 40.6V and 85+273.15oK during 27000 hours, 502

observations at 46.5V and 45+273.15oK during 27300 hours, 174 observations at 62.5V

and 5+273.15oK during 12500 hours, 53 observations at 51.5V and 85+273.15oK during

10700 hours, 50 observations at 57V and 45+273.15oK during 8900 hours, 50 observations

8Meeker W.Q, Escobar.L. (1998). Statistical Method for Reliability Data. J.Wiley, New York.p512-530
and p.641.
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at 46.5V and 85+273.15oK during 2800 hours, 175 observations at 46.5V and 5+273.15oK

during 1000 hours. So we can see different Kaplan-Meier functions.

Let x0 = (x1i, x2i) ≺ x1 ∈ E0 be the given usual stress(standard or normal). By maximiz-

ing this likelihood, it yields the estimated parameters which are shown in Table 6, with

Arrhenius-power rule model, where:

r(x) = exp {−β0 − β1 ln x1 − β2 × 11605/x2}

B = 8.6171 × 10−5 = 1/11605 is Boltzmann’s constant in electron volts per oK, according

to Meeker and Escobar (1998). The log-likelihood take its value of -539.6283.

Table 6: Two-stress AFT model, estimated parameter, Weibull life distribution.

Parameters lower 95% confidence limits Upper 95% confidence limits Estimation

value of β̂0 61.96452 106.3763 84.1703944

value of β̂1 -27.28320 -12.73841 -20.0108020

value of β̂2 0.01652761 0.6321122 0.3243199

value of σ̂ = 1/n̂u 1.739112 2.915818 2.3274650

Then we notice that both higher voltage and higher temperature make the survival function

into decreasing faster. And we want to foresee a survival function under normal condition,

under given usual or standard stress x0 ∈ E0. So as to say, we choose an usual stress, in

order to see how long the life duration is. For example, the usual condition is at 20V and

5oC (278, 15oK).

Then, the 95% confidence limits of Qx0 = ln (Sx0/ (1 − Sx0)) and Sx0 are in the graph

showed in Fig.8.

27



Fig 7: confidence limits of Qx0 and Sx0 at 20V and 5oC.

In the graph shown in Fig.7, the function has its 95% confidence limits is very wide because

of lots of censored data, which make the estimation of survival function more difficult. At 20

Volt and 5oC (usual or normal stress) , the survival function decrease not very significantly

in the time. And its hazard rate is decreasing in time but more and more slowly, converging

to 0. The capacitor have a very long life duration, which is far higher than 100000 hours.

Conclusion

In AFT model, there are different types of stress : constant accelerated stress that is used

in these previous examples, step-stress, continuous rising stress, periodic stress and ran-

dom stress. According Meeker&Escobar data, when the life durations of the A-typed devices

have a Weibull distribution, the estimated survival function under usual(normal or stan-

dard) stress, varies following the life-stress relationship. But the Arrhenius model is often

used when the stress is temperature.
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The power-parameter γ in the Generalized Weibull life distribution makes the estimated

survival function under normal stress into decreasing faster or slower. The Generalized

Weibull properties permit to fit better the survival function.

The Meeker&Escobar data shows the reliability of the capacitors under different voltage

and temperature. With Arrhenius-power rule-Weibull model, higher temperature and higher

voltage has negative effect on the life duration of the capacitors. The capacitor have a long

life duration, which is far higher than 100000 hours. Then the hazard rate function is con-

verging to 0.

By comparing three models, Arrhenius-Weibull, Arrhenius - lognormal and Arrhenius-

Generalized Weibull models, the two later fit better. But the Generalized Weibull distribu-

tion is more general than Log-normal and Weibull distributions, even though the lognormal

distribution is not generalized by Generalized Weibull distribution. This life distribution is

the generalization of Weibull life distribution. At 40oC, 77 percent of the A-typed devices

would be reliable in 100000 hours.

Other kinds of AFT model would be used in the industrial cases, such as semi parametric

model and non parametric model, because they are susceptible to be better that the previous

AFT model.

References

[1] WAYNE.B, Nelson. (2004). Accelerated Testing, Statistical Models, Test Plans, and

Data Analysis. John Wiley & Sons, New Jersey. 601p.

[2] BAGDONAVICIUS.V, NIKULIN.N. (2002) Accelerated Life Models, Modeling and

Statistical Analysis. Chapman & Hall/CRC. 334p.

[3] BAGDONAVICIUS.V, GERVILLE-REACHES.L, NIKOULINA.V, NIKULIN.M

(2000), Analyse statistique du modle standard de vie acclre, Revue Statistiques Ap-

pliques, 2000,p.1-11.

[4] GERVILLE-REACHES.L., NIKOULINA V. (1998). Analysis of reliability character-

istics estimators in accelerated life testing, Mathematical Methods in Reliability, (Eds

: Limnios N., Ionescu D.), Birkhauser. p.91-99.

[5] BAGDONAVICIUS.V, NIKULIN.N. (1998). On semi parametric estimation of reli-

ability from accelerated life data, Mathematical Methods in Reliability, (Eds : Limnios

29



N., Ionescu D.) Birkhauser, p.75-89.

[6] MEEKER W.Q, ESCOBAR.L. (1998). Statistical Method for Reliability Data.

J.Wiley, New York.

[7] Kishore Sundara Rajan. Accelerated Testing-An EE perspective, Pre-print, august

2002.

[8] WILSON, S.P (2000) Failure Model Indexed by Time and usage. In : Recent Ad-

vances in Reliability Theory, Methodology, Practice and Inference, (Eds. N.Limnios and

ML.Nikulin) Boston : Birkhauser, 213-218.

[9] KAHLE W, WENDT H.(2000) Statistical Analysis of Damage Process. In: Recent

Advances in Reliability Theory, Methodology, Practice and Inference, (Eds. N.Limnios

and M.Nikulin) Boston : Birkhauser, 199-212.

[10] VIERTL, REINHARD. (1988). Statistical Methods in Accelerated Life Testing.

Vandenhoeck & Ruprecht, Gottingen.

[11] XIONG, CHENGJIE and MING Ji. ”Analysis of Grouped and Censored Data from

Step-Stress Life Test”, IEEE Trans. On Rel., Vol. 53, No. 1, p.22-28, March 2004.

[12] Bagdonavicius.V, Clerjaud.L, Nikulin.M. (2005). Statistical Analysis of AFT model,

based on Generalized Weibull Family of Distribution, International Workshop Statisti-

cal Modeling and Inference in Life Science, September 2005, Potsdam.

[13] http://www.weibull.com/LifeDataWeb/ (25/08/2005)

[14] http://www.natc-ht.com/accelerated Life Cycle Testing.htm (23/08/2005)

[15] http://www.reliasoft.cn/newsletter/2q2001/general loglinear.htm (23/08/2005)

[16] http://www.ce-mag.com/archive/01/Spring/Porter.html (17/08/2005)

[17] http://www.itl.nist.gov/div898/handbook/apr/section/apr314.htm (23/08/2005)

30



Ageing effects and degradation analysis
for failure time in an industrial

framework

Vincent Couallier
Equipe Statistique Mathématique et ses Applications

Université Victor Segalen Bordeaux 2
FRANCE

couallier@sm.u-bordeaux2.fr

APSA’05 – oct.2005 – p. 1/30



Motivations

⊙ If components are assumed to be aging,

⊙ If components are monitored during their lifecycle,

⊙ If (longitudinal) quantitative degradation data are available,

... then a probabilistic model of degradation-dependent failure time(s) has

to be considered.
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Outline

⊙I Traumatic failure Times and hazard rates.

⊙II Degradation-dependent failure Times : traumatic failure and soft
failure.

⊙ III Estimation of the cumulative hazard function and related reliability
characteristics.

⊙IV Simulation study, a example.

⊙V Conclusion.
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I Traumatic failure Times and hazard rates

⊙ Consider a traumatic failure time T

λ is the hazard rate function andΛ is the cumulative hazard

R(t) = P(T > t) = exp(−Λ(t)) = exp
(

−
∫ t

0
λ (u)du

)

⊙ Reliability characteristics such that MTTF, mean residuallife time after

x..., are deduced fromΛ

⊙ For non-aging components (iid sample), the hazard rate is constant and

R(t) = 1−exp(−λ t) λ (t) = λ Λ(t) = λ t

T is exponentially distributed.
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I Traumatic failure Times and hazard rates

⊙ In frailty models, each component or subsystem has its own failure rate

λ (t|A = ai) = ai for non-aging components.
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I Traumatic failure Times and hazard rates

for aging components (e.g. Weibull family), the frailty is on the scale para.

λ (t|A = ai) =
β
ai

(
t
ai

)β−1
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regression models onA are related to Accelerated Failure Times Models
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From heterogeneous hazards in time space to common hazard

in degradation space : a concept of resource or ideal time scale

⊙ The chronological time may not be the ideal time scale to present

and analyze the data and make inference on the reliability

characteristics.

well-known alternatives

∣

∣

∣

∣

∣

∣

∣

∣

- operating time

- usage variable (km, cumulative flows,...)

- cumulative wear/degradation process

⊙We assume that for a sample of n components, some monitored

degradation data are available at timest1, ...tp before the failure
times Ti, i = 1...n
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II Degradation data and degradation-dependent

failure Times.

real degradationZi(t) = D(t,Ai)

observed degradation dataZi|obs
j = D(ti j,Ai)+ ε i

j

where
∣

∣

∣

∣

∣

∣

∣

∣

∣

∣

∣

D is a known function, assumed to be non-decreasing,

Ai is a random vectorAi ∼ FA, FA unknown,

Zi describes the individual degradation process,

Theε j are error measurements of the degradation values.

unit-to-unit variability of the degradation process
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II Example : real dataset
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(Lu and Meeker, 1993).

Paris growth curve with random coefficients

D(t,m,C) =
(

0.9
2−m
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2
C
√

πm
t
)

2
2−m

but (m,C) is unit-to-unit dependent.
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II Degradation data and degradation-dependent

failure Times.

⊙ The (traumatic/catastrophic) failure time T has a survivalfunction
conditionally defined given the past degradation.

R(t|Z(s),0≤ s≤ t) = exp

(

−
∫ t

0
λ (Z(s))ds

)

Λ(z) =
∫ z

0 λ (s)ds is the cumulative hazard in the degradation space.

It reduces here simply to

R(t|A) = exp

(

−
∫ t

0
λ (D(s,A))ds

)

two items with the same degradation path (Ai = A j) will have the same
reliability function R (but not the same failure times).
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II Degradation-dependent failure times : a competing

risks Model

⊙ The traumatic Failure Time T can occur even if the degradation level is
low but its survival function depends on the degradation function.

degradationր=⇒ risk of occurence of Tր

⊙ A soft failure timeT0 : the degradation processZ(t)t>0 leads to a "soft"
failure if the degradation reaches a given threshold.

T0 = sup
{

t | Z(t) < z0
}

.

T0 is a hitting time.

d.f. of A←→ d.f. of Z(t)←→ d.f. of T0

z0 may be infinite if no "soft" failure is modelled
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II The "hazard rate" function depends on time

through the degradation process
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II Summary

⊙ n subjects→ n vectors of degradation data (censored byz0) .

⊙ For the itemi, Ai is not observed but :

1. 0 < Zi
1 < ... < Zi

fi
noised values of the i-th degradation process

( fi ≤ mi) at mi < m observation times 0< t i
1 < .. < t i

mi

2. failure timeUi where

U i = T i
0∧T i∧ t i

mi
by denotingT i

0 = inf{ j ∈ {1.. fi}|Zi
j ≥ z0}.

δ i = 1{Ui=Ti}

⊙ aim : derive NP estimates ofΛ, of R(t|A = a), andR(t) = E(R(t|A))

⊙ Prediction : given earlier degradation values of a new item,deduce its
MTTF or its residual lifetime.
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II Example (simulation)
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III Estimation procedures

⊙ Assumptions about the d.f. of the noises

1. (ε i
j)( j) i.i.d. ∼N (0,σ2), (Meeker et al.)

cov[ε i
j1,ε

i
j2] = σ21 j1= j2

2. (ε i
j)( j) = σW (c(t i

j)) W is a Wiener process,

cov[ε i
j1,ε

i
j2] = σ2(

c(t i
j1)∧ c(t i

j2)
)

3. (ε i
j)( j) i. d. but serial correlation (CAR(1))

cov[ε i
j1,ε

i
j2] = σ2φ |t

i
j1
−t i

j2
|
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III Simulation of 3 paths - iid noises
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III Simulation of 3 paths - CAR(1) noises
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III Simulation of 3 paths - "Wiener"-type noises
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III Estimation procedures

∀i, predictorÂi is computed with GNLS method with observed

degradation valuesZobs
i j , j = 1..mi.

Âi = argmina∈Rp(Zobs
i j −D(t i

j,a))′Σ−1
i (Zobs

i j −D(t i
j,a)) i = 1..n

whereΣi is the variance matrix of the vectorε i = (ε i
j)( j)

If

Var(Âi−Ai)−→ 0 asmi j→+∞

then
ˆ̂FA(a) =

1
n

n

∑
i=1

1{Âi≤a}

is a uniformly consistent estimator ofFA asn→+∞
(Bagdonavicius et al,2003).
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III From the reliability in time to the hazard in

degradation space

RT (t|Z(s),0≤ s≤ t) = P(T > t|A)

= exp
[

−
∫

D(t,A)

D(0,A)
λ (z)h′(z,A)dz

]

= exp
[

−
∫

D(t,A)

D(0,A)
h′(z,A)dΛ(z)

]

Notations : For item i with random coefficientAi (unknown)

Zi the lastobserved degradation value (reached at timeUi).

Âi the prediction ofAi deduced fromobserved degradations for item i.

z→ h(z, Âi) the inverse function oft→D(t, Âi) (known)

Note thatT̂ i
0 = h(z0, Âi) is the prediction of soft failureT i

0
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III Estimation procedures

A Doob Meyer decomposition of some counting process in the

degradation space leads to a nonparametric estimator ofΛ

Λ̂(z) = ∑
Zi≤z

( 1

∑ j,Z j≥Zi
h′(Zi, Âi)

)

and a nonparametric estimator of the cond. reliability function

R̂T (t|A) = exp
[

−
∫

D(t,A)

D(0,A)
h′(z,A)dΛ̂(z)

]

Remark : This function can be plotted for a new item for which we

have got some information about its degradation coefficient(e.g. by

fitting its degradation curve with a few degradation points)
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III Estimation procedures

⊙ Estimation of the overall survival function needs integration w.r.t. FA

Then a nonparametric estimator ofRT (t) = P(T > t) is

R̂(t) =
∫

exp
[

−
∫

D(t,A)

D(0,A)
h′(z,A)dΛ̂(z)

]

d ˆ̂FA

=
1
n

n

∑
i=1

exp
[

−
∫

D(t,Âi)

D(0,Âi)
h′(z, Âi)dΛ̂(z)

]

where ˆ̂FA is the estimation ofFA
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III Estimation procedures

Estimation of the survival function ofU = min(T,T0)

R̂U(t|A) = exp
[

−
∫

D(t,A)

D(0,A)
h′(z,A)dΛ̂(z)

]

1t<h(z0,A)

and

R̂U(t) =
∫

[

exp−
∫

D(t,a)

D(0,a)
h′(z,a)dΛ̂(z)

]

1t<h(z0,a)d
ˆ̂FA(a)

=
1
n

n

∑
i=1

exp
[

−
∫

D(t,Âi)

D(0,Âi)
h′(z, Âi)dΛ̂(z)

]

1t<T̂ i
0

or every reliability characteristic (such that MTTF) by replacingΛ
by Λ̂ in the formula.
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VI Simulated example

⊙ sample sizen = 100

⊙ For eachi = 1, ..,100,Z(t,Ai
1,A

i
2) = eAi

1(1+ t)Ai
2, t ∈ [0,12]

⊙ (A1,A2) is bivariate gaussian with mean (-2,2) and

VarA1 =VarA2 = 0.12, Corr(A1,A2) =−0.7.

⊙ at most 15 degradation data in time interval [0,12]

⊙ hazard rate of trauma failure time is Weibull(5,2.5) in the degradation

space

λ (z) = β/α(z/α)β−1, α = 5,β = 2.5

⊙ errorsεi j are gaussian,σ = 0.05, ΦCAR = 0.95

cov[ε i
j1,ε

i
j2] = 0.052×0.95|t

i
j1
−t i

j2
|
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VI Simulated example : The data
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VI Simulated example : Estimation of the integrated hazard
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VI Simulated example : Estimation of the integrated hazard
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VI Simulated example : Prediction of the conditional survival
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FIG. 1 – Estimation of Conditional survival functions :A1 =−2

andA2 = 2.1, A2 = 2 andA2 = 1.5
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V Conclusion

⊙ Because the degradation data are available before the soft or traumatic

failure, they are useful for inference of traumatic failures with

hazard rate determined by wear or aging processes.

⊙ It is (could be) quite easy to generalize the model to multiple and

competing traumatic failures with different hazard rates

λ 1(Z(t)),λ 2(Z(t)), ....

⊙ It could be generalized to multivariate degradation processes or

piecewise smooth degradation process (with cut points or periods

without degradation) and in fact to repairable systems for which we

would have a non monotonic degradation process (with renewal

times)

⊙ Regression-based models for heterogeneous environment (external

covariates) are also allowed.
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Abstract 
 

Markov processes are frequently used to model repairable and reconfigurable systems, e.g. electrical 
systems. But, in the industrial environment, real systems are more and more complex (redundancy, large 
number of states, repairs on approval …) and result in very large and stiff models. If all components are 
repairable and non-aging, the initial state is the only slow state and  exponential approximations for the 
system reliability are both accurate and relatively easy to calculate ([5]). On the other hand, if some 
components are aging, the system can still be modeled with a Markov process, using the phase method. 
But a lot of states (including slow states) are then introduced and the above-mentioned methods are no 
longer usable. This paper introduces a more tractable version of the well-known "slow-fast" 
approximation ([8]), that we called "loop-free slow-fast approximation". This new approximation meets 
the requirements of this problem and is pessimistic, an important feature in the world of reliability 
assessment. This method is also valid if some repairs are delayed (e.g. when repairs are initiated on the 
occurrence of a second failure). The paper gives the details of the method and two examples of 
application. 
 

1 Introduction: the limits of the "slow-fast" approximation 
   

This article presents a new calculation method of the reliability, which is suited to large and stiff Markov processes. 
This method applies to any Markov model, but it is particularly interesting for models describing the aging (increasing 
failure rate) of components by approximations like the phase method ([1]), or for models describing systems with 
delayed repairs (i.e. systems for which some components are not repaired as soon as they fail, but only after additional 
failures). 

Since our method is derived from the basic idea of the so-called "slow-fast" approximation, we first recall that 
approximation, and set up a few notations: 

Let us consider a complex system of repairable components. We assume that the process 0))(( ≥= ttXX that denotes 
system state at time ,0≥t  is a Markov process on a finite and discrete state space .E  We denote τ the entry time in a 
system failure state (time to failure) and our purpose is to evaluate its probability distribution. 

Let ,0>θ be a threshold that we can choose. We will consider a state as "slow" if all of its exit transition rates are 
below θ  (else it is "fast"). The state space can thus be divided into two subsets: slow state space SlE  and fast state 
space .FaE  
Thus the transition matrix 0,)( ≥= jiijaA  can be broken down into four sub-matrixes: 









=

FaFaSl

SlFaSl

AA
AA

A  

where ASl ( FaA , SlFaA and FaSlA ) is the transition matrix between slow states (between fast states, from slow states to 
fast states and from fast states to slow states). 

The “slow-fast” approximation is based on the fact that events affecting systems occur on very different time 
scales. 

The aim of this approximation is to construct a new process 0≥= ttXX ))(~(~  that is reduced to slow states. To do 
that, one must compute the probability to go from i to j for all slow states i and j, either by a direct transition or by a 
sequence traversing fast states. Then the computation of the reliability of the reduced process is obtained through a 
standard analytical method. This method highly reduces the size and the stiffness of the process X~  in comparison with 
X: in practice, the number of slow states is often much smaller than the number of fast states. In order to get this result, 
one needs to know globally the transition matrix of the process X. But generally, for complex systems we only have a 
local description of the process X, i.e. we have a model that gives us the list of the transitions going out of any given 
state. This is why even if this approximation is relevant in theory, it is hard to use it in practice. In this article, we 
propose a more tractable version of the “slow-fast” approximation: to apply this new approximation (based on the same 
principle), the local knowledge of the process X is sufficient.  



The paper is organized as follows. In section 2 we explain the “loop-free slow-fast” approximation. The necessary 
definitions for constructing the reduced process are also given. An algorithm enabling to obtain the slow states of a 
Markov process and the transition rates of the reduced process is detailed in section 3. Section 4 is devoted to the 
properties of the approximation. Finally in section 5, two examples of application are studied.  

 
2 The “loop-free slow-fast” approximation  

 
In the article the slow (respectively fast) states are called is  ( if ), .0≥i  Let jS  denote the finite or countable set 

of sequences whose the last state is j. 
We qualify a sequence  as "looped" if it traverses at least twice one state.  

Example: 
Let ),,,,,( 12121 jfffss=η , and ),,,(' 121 jfss=η . 
η  is called a “looped” sequence and 'η  “not looped” sequence. 
 

Let 0≥nnX )(  be the embedded Markov chain of the initial process X. 
 Let 1≥ν  be an integer; let us define the random variable )(νSlΝ  by: { }SlnSl EXn ∈>=Ν +νν ;0 min)(   

If νX  is slow, )(νSlΝ represents the number of transitions to go back to a slow state, and if νX  is fast it represents the 
number of transitions to reach a slow state.  

 
 The aim of the "loop-free slow-fast” approximation is to evaluate the probability to go from a slow state to another 
slow state without considering “looped” sequences. For all FaEf ∈  and SlEj∈ , let fjq̂  be the probability that the 

process enters SlE  by j starting from state f, after any number ν  of transitions: 
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where ijq  is the probability that the process X jumps from i to j. 

Let FaSlQ̂  be the matrix that which gathers all the fsq̂ . 

We consider ,)( 1≥nnsl  the series of numbers of visits to slow states: 
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If nXn ,0>∃  is an absorbing state, then: ,1≥∀k  

nkn slsl =+  
So, let 1)( ≥= nnSlSl  denote the Markov chain of successive slow states: ,1≥∀n  

nsln XSl =  

We remark that every state Sli∈  can be visited several times in succession. 
From this chain, we denote the reduced process 0)~(~

≥= ttXX  with the following characteristics: 

- The initial law of X~  is the law of 
11 slXSl =  

- The process visits successive slow states ,..., 21 SlSl  with repetitions  
- Sojourn time in a state i is exponential. If i is absorbing, exponential law’s rate is null, or else it is ia  (the exit 

rate from the state i of X). 
In view of fsq̂ ’definitions, an approximation of the probability that Sl goes from i to j is: 
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and the inverse of the mean cumulated sojourn time in state SlEi∈ : 
)~1(~

iiii qaa −=  
where ia  is the exit transition rate from the state i of X. 

We denote slA
~  the transition matrix of the reduced process. According to the previous definitions: 

FaSlSlFaSlSl QAAA ˆ~
+=  
 

The return probabilities fjq̂  ( SlFa EjEf ∈∈∀  and ) enable to construct the reduced process X~ , which must be 

solved in order to evaluate the vector 0))(~()(P~ ≥= jjSl tpt  (presence probability of X~  in the state j at time t). The size 

and stiffness of the process X~  are greatly reduced in comparison with X. To solve the reduced process standard 
analytical methods are much easier to apply. 

 
3 Algorithm 
 
The aim of the following algorithm is to obtain the slow states set of a process X and the transition rates of the 

reduced process, knowing only the initial state and the local description of X. 
 

 
 

4 Approximation properties 
 
4.1 The approximation is pessimistic with regard to calculation of reliability 
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This approximation leads to overestimate at all time t > 0 presence probabilities in the absorbing states, and hence 
in the failure states which can be made absorbing in the context of a reliability calculation. 

 
Theorem 1. 

If j is an absorbing state, than for all 0≥t : 
)()(~ tptp jj ≥  

  
This result relies on a proof similar to a proof given in [8]. Only the definitions of the density σf

~
 and of the 

probabilities )(tp j  (for all states j and t > 0) differ. 
 
4.2 Estimation of the error  

Theorem 2. 
Let Λ  be the greatest exit rate of slow states. We assume that the sojourn time in EFa (in ESl) is lower in stochastic 

order than a random variable Faτ ( Slτ ). Let mFa (mSl) be the mean of Faτ ( Slτ ). 
Then, for all state ,FaEj ∈  n >1, and t >0: 
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where )( tn ΛΡ is the probability that a Poisson distribution with a rate tΛ  is greater or equal to n. 
 

This result relies on a proof similar to a proof also explained in [8] 
 
5 Application cases: evaluation of systems 
 
5.1 We consider a system made up of two components c1 and c2 in parallel, in active redundancy. We assume that 

c1 is subject to aging. This is modeled by the fact that c1 has 3 states: good, degraded (from this state, no repair is 
possible), failed. Its repair begins when it is failed and brings it back to its good state. Furthermore we assume the 
following dependence of c2 on c1: if c1 is in the degraded state, c2 can not be repaired. 

This system is modeled by the following Markov process: 
 

 
 

All transition rates are equal to 10-5h-1 except  repairs (dotted lines), which have a rate equal to 0.1 h-1. 
Since this system is very simple, its exact reliability is obtained without difficulty with a standard analytical 

method. We can compare it with the “slow-fast” approximation and "loop-free slow-fast” approximation. We assume 
that a state is slow if no restoration is possible from this state. So we can define the sets ESl and EFa: 

ESl ={initial-state; critical-state1; critical-state4; failure-state} 
EFa ={critical-state2; critical-state3} 

 
In order to compare the diverse values, the relative errors were calculated on the unreliability: 
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The "loop-free slow-fast" approximation is a bit more pessimistic than its antecedent but it is still very satisfactory: 
it gives a good approximation of the unreliability in a few seconds, whereas a calculation by the randomization method 
takes several tens of minutes for a mission time of t = 10000h.  

 initial_state   critical_state1   critical_state2 

 critical_state4   critical_state3  failure_state 
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2cλ2cλ2cλ
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5.2 We now consider a more complex system: a set of 10 components. We assume that the system is failed when at 

least 4 components are failed, and that the only dependency between components is that two failures are necessary to 
start the restorations. This system is modeled by a Markov process composed of 1 perfect state, 910 critical states and 
the set of failure states. In order to compare our approximation to the real unreliability, we have chosen a particular 
case: we assumed the components to be identical, which allowed us to model the system by the following lumped 
process of only 6 states to obtain easily the exact result: 

 
In the reduced process the loop-free slow-fast approximation method retains only 12 states, which obviously 

greatly simplifies the reliability calculation if we compare it to the model with 912 states.  
The following table presents the exact and approximated unreliability, and the relative error on unreliability for 

various mission times (all failure rates are equal to 10-5h-1 and repair rates are equal to 0.1h-1).  
   

time (h) 1,00E+02 1,00E+03 1,00E+04 1,00E+05 1,00E+06 
exact unreliability 1,6540E-11 2,2770E-09 1,4600E-07 2,5489E-06 2,6485E-05 
approximated unreliability 1,4459E-11 2,2006E-09 1,4573E-07 2,5296E-06 2,4449E-05 
relative error 1,2580E-01 3,3564E-02 1,8532E-03 7,5906E-03 7,6891E-02 

 
In view of these results, our approximation is very satisfactory and saves a considerable amount of calculating time. 
 

6 Conclusion 
 

Markov processes enable us to model the behaviour of complex systems. However for real-life systems, it is well 
known that standard analytical methods are often difficult to use because of combinatorial explosion. A method 
developed in [8] consists in evaluating the reliability reducing the process to slow states. This method is very effective 
as long as the global description of the process (i.e. its transition matrix) is known. In this article, we gave an algorithm 
which is able to calculate an adequate approximation of reliability from a stiff Markov model with a very large number 
of states. The principle is to construct a reduced process without considering all the sequences, which enables us to 
obtain the set of slow states and the corresponding transition matrix, knowing only a local description of the full 
process. We have demonstrated the large gain in computing resources and the precision of this approximation on 
examples. 
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Summary 
 
The oldest reactor units in French nuclear power plants have reached an 
important milestone in their lifetime – their 3rd ten-yearly outage – and EDF has 
announced its intention to continue operating them up to the age of 40 years at 
least. 
Within this context, the safety authority wishes these third ten-yearly outages 
to include an analysis of equipment ageing and obsolescence. 
 
Given the difficulty in forecasting the service life for certain electrical 
equipment (particularly instrumentation and control) based only on theoretical 
studies of their behaviour, IRSN has examined the contributions and 
effectiveness of assessing ageing by processing the failure rates. 
 
The method used involves calculating a statistical criterion based on the number 
of times the failure rate during each defined time interval increases in relation 
to the others. 
 
This yields statistical criteria that indicate ageing trends with a certain 
confidence level. These trends can be used to analyse ageing-related safety 
studies. 
 
The method is intrinsically designed to: 

• distinguish between failure rates according to equipment age, 
• take into consideration earlier equipment replacements, 
• truncate data where the degree of uncertainty is considered too high. 

 
The results have led to a number of conclusions as to how suitable the method is 
for early detection of ageing in the equipment studied and certain 
implementation problems have been highlighted. 
 
The method used must of necessity be capable of distinguishing between failure 
rates according to equipment age. 
A method that monitors the failure rate, but ignores equipment age, would only 
yield average, smoothed results (because it would mix equipment of varying age). 
For this reason, the method discussed here probably offers an accurate 
assessment of the onset of ageing phenomena. 
 
This method does, however, required detailed knowledge of equipment life 
(replacement/modification).  
Problems may be faced in collecting information on equipment replacement, as 
replacement equipment can come from other reactor units or stocks and its age 
is unknown. In addition, some equipment is only partially replaced. 
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In the context of this study, and in the absence of additional data, equipment 
age has been calculated by default from the industrial commissioning date of the 
reactor units (with the age potentially being reset in the event of equipment 
replacement). Taking replacement into account has little influence as equipment 
numbers are substantial and replacement numbers are modest. 
 
Lastly, IRSN has noted that age categories should be consistent, i.e. with a 
number of failures and noted equipment numbers that are sufficient and 
comparable. For this reason, data must be truncated for trend analysis (edge 
effects on the first and last observation periods, and more generally, all data 
where failure rates present a high degree of uncertainty). 
 
In view of this study, IRSN considers that this method should be used to 
analyse sets of equipment data in the light of the various remarks made above. 
The method should then be compared with a technological and qualitative ageing 
analysis based on close inspection of equipment to confirm or invalidate these 
purely statistical results.  
 



0 Foreword and context reminder 
The oldest reactor units in French nuclear power plants have reached an 
important milestone in their lifetime – their 3rd ten-yearly outage – and EDF has 
announced its intention to continue operating them up to the age of 40 years at 
least. 
Within this context, the safety authority wishes these third ten-yearly outages 
to include an analysis of equipment ageing and obsolescence. 
 
Given the difficulty in forecasting the service life for certain electrical 
equipment (particularly instrumentation and control) based only on theoretical 
studies of their behaviour, IRSN has examined the contributions and 
effectiveness of assessing ageing by processing the failure rates. 
 
0-1 Ageing 
Equipment service life may be limited by technical ageing (physical service life) 
or technological ageing (obsolescence - commercial service life).  
 
The so-called "wear and tear" period on the failure rate curve of a component as 
a function of time (Figure 1) is the period during which failures become 
systematic. This corresponds to the end of the useful life of a component 
technically and is demonstrated by the resultant bath curve. 
On the other hand, as the end of a component's useful life technologically is 
linked to economic choices by manufacturers it may become obsolete (no longer 
manufactured) before the end of its physical life. 
 

 
 
Taux de défaillance = Failure rate 
Taux de défaillance en fonction du temps = Failure rate as function of time 
Période de défaillance précoce = Early failure period 
Période de taux de défaillance constant = Constant failure rate period 
Période de taux de défaillance d'usure = Wear failure rate period 
Temps = Time 
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The main objective when faced with these technical and technological ageing 
phenomena is to maintain equipment availability and reliability. 
 
0-2 The main, existing remedies
Corrective maintenance makes defective equipment available once more.  
Preventive maintenance keeps equipment reliable when deterioration is both 
known and foreseeable; it takes place, therefore, at set intervals before the 
systematic failures. 
Periodic tests (EP) check equipment availability based on functional safety 
criteria to catch random failures during "normal operation"; these tests are 
performed as and when the reliability of the equipment so dictates (failure rate 
assumed constant). 
 
0-3 Approach by plant operator 
The plant operator's approach to dealing with ageing is based on several lines of 
defence: 

• at design stage: qualification criteria must be respected for equipment 
with a major impact on safety depending on its operating and ambient 
conditions; tests for behaviour over time are performed to obtain a 
satisfactory degree of confidence. 

• during operation: 
- equipment is monitored during servicing and periodic tests, 
- major replacements or overhauls are carried out at an appropriate 

moment in the reactor unit life. 
The plant operator produces a work programme to demonstrate that he has the 
ageing of his facilities under control. This programme involves reviewing and 
servicing existing equipment. 
 
0-4 Ageing and safety issues 
Issues during "normal operation"
The bath curve for the electrical and electronic equipment shows the failure 
rate to be fairly stable during the "normal operation" or "useful life" period, in 
the absence of technical ageing; it is not nil, however, and the availability of 
spare parts and skills must be maintained. Component obsolescence is therefore 
the overriding concern during this period, to avoid compromising the availability 
of the facility. 
 
Issues during the "wear and tear" period
If the equipment reaches the "wear and tear" period, this means that the 
preventive maintenance has not successfully counteracted this type of ageing 
and with the failure rate increasing, corrective maintenance may not be enough 
to keep the equipment available (supply problems in the event of more frequent 
or major replacements, obsolescence problem) and will certainly not keep it 
reliable under any circumstances.  



 
According to IRSN, the effects on safety of deteriorating equipment reliability 
caused by ageing covers the following three aspects: 
 

1) frequency of periodic tests (EP): there is greater likelihood of failures if 
the failure rate increases significantly (λi  λv) for the same period 
between two periodic tests and therefore the risk of the equipment no 
longer respecting the original reliability objectives, 

 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

P(t) = 1- exp(-λt) 

t

1 

10-2

10-5

T 2T 0 

Initial reliability objective 

1/λv 1/λi 

Periodic testing 

2) redundancies (one component in the safety demonstration); redundancies 
are designed to protect against random failures. They are not robust 
enough to resist the systematic failures caused by ageing. In fact, ageing 
should potentially be considered as a common failure cause. 

 
3) maintenance capability: if failures increase without warning, the 

maintenance capability can come under pressure from spare part supply 
problems or availability of skills and costs. The entire situation can worsen 
in the French power plants due to the "cliff effect" given that most of 
them have been built within ten years. 

 
 
The issue for IRSN is therefore, firstly, to know if preventive maintenance is 
effective against known deterioration phenomena and secondly, for those 
phenomena not covered by preventive maintenance, if an efficient monitoring 
system is in place to anticipate ageing characterised by the rise in the bath 
curve of the failure rate over time. 
This second point prompted the study commissioned from Novator.  
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1 Study objectives 
To learn more about the various methods used for monitoring and processing 
failure rates and determine their effectiveness, IRSN has worked with Novator 
to analyse failures reported on certain types of equipment (circuit breakers and 
sensors) using a statistical method developed by this company. 
 
2 Method used 
The method used involves calculating a statistical criterion based on the number 
of times the failure rate during each defined time interval increases in relation 
to the others. 
 
3.1 Grouping by equipment age and calculating the failure rate 
A special feature of this method is to start by sorting and assembling feedback 
data (described in the previous §) by equipment age (between 1 and 24 years) 
rather than by failure date (between 01/01/1990 and 31/12/2000).  
 

Fictitious table illustrating the interest in grouping by age 
 

Year of 
operation 

1990 1991 1992 1993 1994 1995 1996 1997 1998  
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Nbr. of 
failures in 

year 

 
7 

 
6 

 
5 

 
5 

 
5 

 
5 

 
5 

 
5 

 
5 

 

Age of 
defective 

component 

         Nbr. of  
failures 
by age 

3 years 3         3 
4 years 2 1        3 
5 years 2 1        3 
6 years  2 2       4 
7 years  1 2 1 1     5 
8 years  1 1 2 2     6 
9 years    2 2 2 1   7 
10 years      2 2 2 2 8 
11 years      1 2 3 3 9 

Constant failure 
rate per year 

Failure rate 
increasing with age

 
This fictitious example shows that although the failure rate appears to remain 
constant when calculated feedback year by feedback year (blue line), the 
number of failures spread by component age can increase (red column). 
 
The method then divides the period covered by the age of the equipment into M 
equal intervals and calculates the failure rate λi for each interval. 
λi = ni/(N.∆ti) where ni : the number of failures recorded during the interval 
 N : the numbers of equipment to be considered for the interval 
 ∆ti  : the time interval being considered 
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This method can therefore take any replacement equipment into account, when 
the age of the component is re-set to zero. 
 
For each calculated λi, an uncertainty (with λ- and λ+ limits) is estimated from 
equations based on the law of χ2 and the related distribution table for a certain 
degree of confidence α. 
 
The method imposes that M, the number of intervals, is between 10 and 100. For 
this study, M is the most frequently chosen so that the interval corresponding 
to an age category is equal to one year, i.e. M between 14 and 19 for the various 
scenarios.  
 
3.2 Calculation of number of inversions 
The method is subsequently based on calculating the "number of inversions" A 
and a related statistical criterion. The number of inversions mirrors or 
corresponds intuitively to the number of times the failure rate calculated for a 
given interval is higher than:  
 

• number of inversions А = ∑ Аi for i = 1 at M 

• Аi = number of cases where λi > λj  with  i < j and for j = i+1 to M. 

 
The hypothesis that the failure rate remains constant is checked by the 
following inequality: А- < А < А+ where the top and bottom limits (А+ et А-) 
are set by a statistical table based on the number of intervals M and the degree 
of confidence α. 
However, if the previous inequality is not checked, the method concludes that 
there is a downwards trend of A > А+ and an upwards trend if A < А-, with the 
latter case relating to the ageing phenomenon. 
  
3 Study data 
IRSN initially forwarded a set of data (labelled but non-identifiable) to Novator 
on the circuit breakers and sensors in the various installations plus the date 
they entered into service. 
 
For an idea of the orders of magnitude, the following table indicates the number 
of failures noted over the period for a given number of equipment: 
 

Equipment type numbers 
observed 

nbr. of 
failure

s 

observation 
period 

Sensors:  Flow rate ~2000 ~350 ~10 years 



 9

Pressure ~1500 ~200  

Level ~2000 ~350 

Breakers 6.6 kV ~1000 ~50 

 

 
IRSN subsequently sent Novator additional data relating only to the level 
sensors (MN and SN).  
 
Both sets of data were "censored" at observation beginning and end, as the 
observation period did not cover the full service life of all the equipment 
observed, i.e. from installation to failure. 
 
 
4 Application of method and lessons learned 
The various study phases covered: 

1. study of data provided by the plant operator, 

2. detailed analysis of three trends highlighted in the previous phase, 

3. confirmation of trends with additional data, 

4. comparison through sorting by failure data rather than equipment age. 
 
In concrete terms, the following table shows a sample distribution of failures 
for a given group of equipment before calculating the various failure rates for 
each interval. This distribution trend is the same for the other equipment 
groups studied. 
 

   Equipment age in years 

Installation 
Equip. 
nbrs. 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

no. 1 15         1 0 0 0 0 0 1 2 4 2 3 0     
no. 2 15       0 0 0 1 1 1 2 0 0 2 2 1       
no. 3 15       0 0 0 0 0 0 2 1 4 1 5 0       
no. 4 15       0 0 0 1 0 0 4 7 2 7 4 1       
no. 5 15      0 0 0 0 0 0 0 1 0 0 0 1        
no. 6 15      0 0 0 0 1 0 0 0 0 0 0 1        
no. 7 15   0 0 1 0 0 0 3 0 0 0 0 0           
no. 8 15  0 1 0 0 0 2 1 0 0 2 0 0            
no. 9 15      0 0 0 0 0 1 0 0 0 0 0 0        

no. 10 15     0 0 0 1 2 0 0 1 0 0 0 0         
no. 11 15      0 0 0 1 2 0 0 0 3 1 0 0        
no. 12 15     0 0 0 0 1 1 0 0 0 1 0 0         
no. 13 15          1 0 0 1 0 2 0 3 0 0 0 1    
no. 14 15         0 2 1 1 0 0 0 0 2 0 0 0     
no. 15 15         0 1 0 2 0 2 0 0 0 0 0 0     
no. 16 15         1 0 0 0 2 1 1 0 0 0 0 0     
no. 17 15          0 0 0 0 0 0 0 0 0 2 0 0    
no. 18 15          1 0 1 0 1 1 0 0 0 1 1 0    
no. 19 15         0 0 0 0 1 1 2 0 0 1 0 0     
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   Equipment age in years 

Installation 
Equip. 
nbrs. 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

no. 20 15         0 0 0 0 0 0 0 0 0 0 1 0     
no. 21 15      0 0 0 0 0 0 0 1 0 0 0         
no. 22 15     0 0 1 0 3 0 4 0 0 0 0 0         
no. 23 15       0 0 0 0 0 0 2 0 0 1 1 0       
no. 24 15       0 0 0 0 0 0 3 4 0 0 0 0       
no. 25 15          0 0 0 0 0 1 5 1 0 0 0 0    
no. 26 15          0 0 0 0 0 0 3 3 0 0 0 0    
no. 27 15         0 0 0 0 1 2 0 3 0 0 0 1     
no. 28 15         0 0 0 0 0 0 0 0 1 0 0 3     
no. 29 12           0 1 0 3 6 1 1 0 0 1 1 0   
no. 30 12           0 1 2 0 0 2 1 0 0 0 1 0   
no. 31 12           0 0 3 1 4 2 1 0 0 0 2 0   
no. 32 12           0 1 1 0 0 1 0 0 0 1 1    
no. 33 12             0 0 1 0 1 0 0 0 1 1 0 0
no. 34 12            0 0 0 0 0 0 0 0 0 0 0 0  
no. 35 20  0 0 0 0 0 3 0 1 1 0 0 1            
no. 36 20  1 1 0 0 0 1 0 0 1 0 0             
no. 37 20   0 0 0 1 1 0 0 0 0 0 0 0           
no. 38 20  0 0 0 0 0 0 0 1 0 0 0 0            
no. 39 20 0 0 0 1 0 0 0 0 1 0               
no. 40 20 0 0 0 0 0 0 0 0 0                
no. 41 20    0 4 0 1 1 0 0 4 0 1 0 2          
no. 42 20   0 0 0 0 1 3 2 0 1 1 1 1           
no. 43 20 0 0 2 0 0 5 0 0 0 0               
no. 44 20 0 0 0 0 0 0 1                  
no. 45 20  0 0 0 0 0 0 0 0 0 0 0 1            
no. 46 20 0 0 0 0 0 0 0 0 0 0 0 0             
no. 47 20     2 0 0 1 2 1 4 2 3 3 2 0         
no. 48 20     0 1 1 1 2 2 6 3 0 3 0 0         
no. 49 20    0 0 1 2 3 1 1 0 0 0 1 5          
no. 50 20    0 2 0 2 0 0 0 0 1 0 5 1          
no. 51 20 0 0 0 0 2 2 0 0 0 0 0              
no. 52 20 1 0 0 0 0 0 2 0 0                
no. 53 20    0 0 1 1 0 4 0 1 1 0 1 5          
no. 54 20   0 0 0 0 0 2 0 1 0 1 2 2           

Nbr. of failures per age: 1 1 4 1 11 11 19 13 26 18 25 18 35 43 41 30 32 5 7 7 7 1 0 0
Nbr. of equipment installed:126 175 248 344 442 513 589 605 655 745 723 744 715 643 547 449 378 299 267 199 83 50 21 1 

 
The observation period is the same for all units, but is offset according to the 
dates of entry into service, thus making it possible to total the failures per 
equipment age category. 
 
Hypothesis on equipment age 
In the absence of more accurate information, equipment age is determined as 
equal to that of the unit in which it is installed (the age is calculated with 
respect to the date of commissioning of the facility), with the possibility of 
resetting the age when the equipment is replaced. However, proceeding in this 
way can sometimes prove to be a mistake, particularly when major repairs are 
carried out on equipment that is not re-installed in its original facility; in this 



case a correlation between the age of the facility and of its components no 
longer exists. 
 
 
 
Specific feature of facilities concerned
An important point is that the French nuclear power plants have been built in 
such a way that the observation period - here eleven years (1990 to 2000) - 
involves equipment aged from 1 to 24 years, with variable installed numbers for 
each age category and therefore varying degrees of confidence for the failure 
rate.  
In addition, as year one of the operating feedback can have an impact on a dozen 
age categories, sufficient operating feedback years are necessary to produce 
enough data for each age group. A satisfactory, consistent degree of confidence 
can thus be obtained for all age groups. 
 
 
4.1 Phase 1: Set of data
Various equipment groups have been created, distinguishing between type (flow 
rate, level, pressure, etc.), system and installation group. The numbers of 
inversion A was calculated for each group thus determined.  
 
Sample graph representing the failure rate per age category and the confidence 
intervals: 
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A   31
   
А+  (16;alpha/2;alpha=0.05) 81
А-  (16;1-alpha/2;alpha=0.05) 38

 
  
Statistical criteria/Upwards trends 
The statistical criteria used are not necessarily safety criteria, but they 
provide indications on the ageing trend with a reasonable degree of confidence.  
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The method has shown a tendency for the failure rate to increase in some 
groups of flow rate, level and pressure sensors. 
 
Taking equipment replacement into account 
The study shows that there is little impact from replacements with this set of 
data, given that replacements for observed equipment are few compared with 
the total numbers. The impact is more significant for lower numbers with 
frequent replacements. 
 

Limits of method: difficulty in taking replacement into account 
• with no information before the observation period and assuming no 

replacement before this period, the obvious hypothesis is that the 
equipment has the same age as the unit in which it is installed. 

• information about the replacement may not be exhaustive nor reliable, for 
it is interpreted from remarks on the event, 

• frequently, only part of the sensor chain (sensor, cable, electronics) is 
replaced (a circuit board or a fuse). The replacement is therefore only 
partial.   

 
Uncertainties [λ- ; λ+] 
It seems that the confidence intervals for the failure rates [λ-; λ+] are 
sometimes greater or in the same order of magnitude as the value of λ, the most 
frequently at the extremes - first and last age categories. 
 
It would appear more realistic to exclude age categories where the confidence 
interval [λ-; λ+] does not match the others, which would result in truncating the 
data for the oldest age categories. 
 
Edge effects 
Based on the dates on which the facilities enter into service, the edge effects 
at the beginning and end of the observation period mean that the first and last 
intervals do not necessarily last one year like the others. This does not comply 
with the condition imposing constant intervals. 
The graph below illustrates this phenomenon and shows that failure observation 
is incomplete for the "3-year" age group of the TR1; the method takes into 
account and applies a weighting coefficient to the failures in these intervals. For 
example, if the incomplete interval measures one month and only one failure has 
been observed, the method takes into account the equivalent of twelve failures 
for the year thus reconstituted. 
 
 
 



 
Illustration of edge effects 
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Sensitivity of results of calculations w ith regard to analysis keys (MN_A)
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Sensitivity of results of calculations with regard to analysis keys (MD_V)
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Sensitivity of results of calculations w ith regard to analysis keys MD_R_CPY
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Interpretation of the discrepancy between A and A-

When λi > λj, A increases by 1 regardless of the discrepancy between the two 
failure rates. There is, therefore, no idea of slope. The following gives an 
example of the method result remaining the same with two different evolutions 
in the failure rate. In both cases A and A- are identical although the slope or 
kinetics are different.  
It is not, therefore, a quantitative method. 
 

 
 
The discrepancy between A and A- gives an idea of the confidence that may be 
placed in the test, but does not indicate whether ageing is strong or weak. 
 
Truncating (useless data cut and wo_rends) 
The comments made during phase 1 on the edge effects and uncertainties 
considered too high [λ-; λ+] have been taken into account. 
 
The elimination of incomplete intervals (intervals cut and the beginning and end 
of the observation period) and those with a low degree of confidence (high [λ- ; 
λ+]) may invalidate a trend calculated earlier with complete data (e.g. third graph 
MD_R_CPY) or indeed confirm it (e.g. first and second graphs MD_V and 
MN_A). 
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Truncating reduces the number of intervals M, which means that a certain 
number of data cannot be used. However, the remaining data compared with 
each other are more consistent in the confidence intervals. Truncating the data 
seems necessary, therefore, for consistent trend analysis. 
 
4.3 Phase 3: Additional data on level sensors
The data were completed in particular by adding two operating feedback years 
to compare the results obtained on level sensors with the first set of data.  
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From a methodological point of view, the graph shows the impact of the two 
additional operating feedback years on the failure rates in each age category 
(modification of ten age categories). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
4.4 Phase 4: Sorting or grouping by failure date rather than by age
 
This phase aims to compare the calculation of the numbers of inversion A, firstly 
by sorting operating feedback years overall (90, 91, … 1999, 2000) and secondly, 
by sorting equipment by age as recommended under the Novator method 
presented here. 
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А-  (10;1-alpha/2;alpha=0.05) 11  А-  (19;1-alpha/2;alpha=0.05) 57
       
absence of trend   increasing trend  

 
The calculation of A concludes: 

• an ageing trend when sorting by age (right hand graph) on the assumption that 
the equipment is the same age as the unit where it is installed, 

• an absence of trend, when sorting by failure date (left hand graph). This 
is explained by facilities entering into service spread over ten years, 
resulting in a mix of equipment of various ages when sorted by failure 
date, thus filtering and smoothing the results. 

 
The Novator method therefore seems more suitable for the data from the 
facilities studied. 
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5 Conclusion 
This method yields statistical criteria that indicate ageing trends with a certain 
confidence level. These trends can be used to analyse ageing-related safety 
studies. 
 
The method is intrinsically designed to: 

• distinguish between failure rates according to equipment age, 
• take into consideration earlier equipment replacements, 
• truncate data where the degree of uncertainty is considered too high. 

 
The results have led to a number of conclusions as to how suitable the method is 
for early detection of ageing in the equipment studied and certain 
implementation problems have been highlighted. 
 
The method used must of necessity be capable of distinguishing between failure 
rates according to equipment age. 
A method that monitors the failure rate, but ignores equipment age, would only 
yield average, smoothed results (because it would mix equipment of varying age). 
For this reason, the method discussed here probably offers an accurate 
assessment of the onset of ageing phenomena. 
 
This method does, however, required detailed knowledge of equipment life 
(replacement/modification).  
Problems may be faced in collecting information on equipment replacement, as 
replacement equipment can come from other reactor units or stocks and its age 
is unknown. In addition, some equipment is only partially replaced. 
In the context of this study, and in the absence of additional data, equipment 
age has been calculated by default from the industrial commissioning date of the 
reactor units (with the age potentially being reset in the event of equipment 
replacement). Taking replacement into account has little influence as equipment 
numbers are substantial and replacement numbers are modest. 
 
Lastly, IRSN has noted that age categories should be consistent, i.e. with a 
number of failures and noted equipment numbers that are sufficient and 
comparable. For this reason, data must be truncated for trend analysis (edge 
effects on the first and last observation periods, and more generally, all data 
where failure rates present a high degree of uncertainty). 
 
In view of this study, IRSN considers that this method should be used to 
analyse sets of equipment data in the light of the various remarks made above. 
The method should then be compared with a technological and qualitative ageing 
analysis based on close inspection of equipment to confirm or invalidate these 
purely statistical results.  
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1. Introduction: what is aging? 
The 1996 edition of the French Robert dictionary gives three definitions for the word “aging”. 
1   The fact of becoming old or weakened with age – a normal physiological process 
experienced by all living organisms during the last phase of life. 
2 The fact of getting old or out-dated (the word “obsolescence” is given as being closely 

related to this second definition). 
3 A natural or artificially-induced process during which wines change and acquire their 

bouquet. 
According to the first definition, aging is essentially connected to everything living: nature, 
man, the heart, the spirit, animals, plants, a population… We could also extend this definition, 
however, to that which is “inert”, such as industrial components or installations whether they 
are in service or simply available for operation. 
It is a somewhat negative concept which inevitably leads to the notion of suspension of life 
and vital functions in the entity in question (death, for a living organism).  It is for this reason 
that, particularly in the industrial world, we focus on the concept of the lifetime of a piece of 
equipment, its “durability”. 
Aging is a progressive and ongoing process. Very often, it depends on a great number of 
influencing co-variables: period of operation, loads, physical properties of materials and 
operating conditions, to mention only those that generally play a preponderant role.  It 
translates into reduced efficiency due to a physical or chemical degradation mechanism 
characteristic of the component and of the materials it is made of, as well as to environmental, 
operating and maintenance conditions: wearout, fatigue, corrosion, erosion, irradiation, etc. 
According to the second definition, however, aging may also be triggered by other 
technological, or even social or economic factors: performance inferior to that of new and 
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more modern equipment; concept, design or materials surpassed by new technologies; 
incompatibility or obsolescence of the control and command system and software; lack of 
spare parts; profitability limit reached; more stringent regulations; stricter safety margins and 
finally, evolution in the operating profile of installations and in environmental regulations. 
The effective period of operation of a piece of equipment or an installation will therefore 
depend on these various technical, economic and regulatory considerations. 
The 3rd definition given in the Robert suggests a more positive view of aging, indicating that 
there can be improvement with age: this is the image of the good wine that matures, and 
perhaps of the component that adapts to its type of stress, the maintenance program that can 
enable improving the performance of a component and thereby postpone degradation.  This 
type of improvement exists but, in any event, it is only temporary and, sooner or later, aging 
will inescapably be observed.  History shows us, in fact, that there are very few mechanical 
structures which “survive” over a century, with the possible exception of the Jens Olsen’s 
astronomical clock in Copenhagen, whose still “intact” civil engineering structures have 
required major repair and refurbishment over the centuries. 
We will recommend adopting the definition proposed by the OECD  Nuclear Energy Agency, 
and retained by the Electric Power Research Institute (EPRI, 1992): the process by which the 
characteristics of a system, structure or component (SSC) are gradually changed with time or 
use. 
We shall also recommend using the other terminology taken from Table 1 of the same 
reference. 
 

Table 1- Terminology (reference: NEA-OECD and EPRI-NEI-US NRC, (EPRI, 1992)) 
  (SSC = System, Structure or Component)   
• Acceptance criterion: specified limit of a function or condition indicator used to assess 

the ability of an SSC to perform its design function. 
• Aging: general process in which characteristics of an SSC gradually change with time or 

use. 
• Aging effects:  net changes in characteristics of an SSC that occur with time or use and 

are due to aging mechanisms. 
• Aging management: engineering, operations and maintenance actions to control within 

acceptable limits aging degradation and wearout of SSCs. 
• Aging mechanism (or degradation mechanism): specific process that gradually changes 

characteristics of an SSC with time or use. 
• Degradation: immediate or gradual deterioration of characteristics of an SSC that could 

impair its ability to function within acceptance criteria; if the process is gradual, there is 
aging; the process is caused by operating conditions. 

. Failure: inability or interruption of ability of an SSC to function within acceptance 
criteria. 

• Failure analysis: systematic process of determining and documenting the mechanisms, 
superficial causes and root cause of the failure of an SSC. 

• In-service inspection: inspection or test of the integrity of an SSC during operation or 
shutdown. 



• Maintenance: aggregate of direct and supporting actions that detect, preclude or mitigate 
degradation of a functioning SSC, or restore to an acceptable level the design functions of 
a failed SSC. 

• Service conditions: actual physical states which have an impact on an SSC (normal  
operating conditions, operating transients, errors, accidental states). 

 
There are therefore a number of possible definitions for aging. 
In terms of reliability, certain experts consider that if the failure rate or failure intensity is on 
the rise (called IFR, Increasing Failure Rate), then aging is occurring.  This appears to us to be 
an unjustified shortcut. 
Indeed, if two components are considered in parallel, and each has a constant failure rate but 
the two rates are different, it can be shown that the life distribution of the parallel system is 
not IFR; however  the failure rate is increasing on the average  (IFRA = Increasing Failure 
Rate in Average, (Barlow, Proschan, 1975)). 
Let us suppose that we want to calculate the mean life of an exponential component (the prior 
law of the exponential parameter will be taken as known).  It can be shown that the 
unconditional  or predictive  life distribution has a  decreasing failure rate function (Barlow, 
2002).  As a result, we cannot characterize aging in terms of IFR only. 
To resolve this problem in studies to detect aging in a piece of equipment, Clarotti (Clarotti 
and al, 2002) considered that aging appears when there is a clustering of failures around the 
mean life.  This definition corresponds to that of demographers. 
Basing his estimates on the work of Spizzichino (1992), Barlow (Barlow, 2002) said that, if 
two similar items (exchangeable items) taken among a total of n similar items have survived a 
life test, the “younger” item is the “best” if and only if their joint survival function is concave 
as described by Schur (Schur concave).  These very theoretical considerations have little 
practical value and work is currently under way in several American and Italian universities to 
represent Schur concavity.  
2 Two concepts of aging 
Consequently, if there is a clustering of failures, as described by Clarotti (Clarotti and al, 
2002), there may be aging.  Clarotti  further considers that this is not a sufficient condition, as 
the clustering of failures may be due to a design fault.  Clarotti considers also that field data 
are generally not sufficient for stating  whether the aging phenomenon becomes relevant 
during the time the component is expected to function (mission period). One solution to this 
dilemma is postulating a priori that the aging becomes relevant at an aging “initiation time” 
which is before the end of the mission period. The purpose of the observed data will be to 
confirm or deny the reasonableness of this hypothesis. After this initiation time, clustering of 
failure times becomes more noticeable than it was before. 
Failure results in a loss of function. Moreover, while in operation, a piece of equipment is 
progressively and continuously degraded  though it may not fail.  If its limits are not reached, 
function is not even altered, and the component continues to operate even though degraded; 
there is no loss of function. 
We can clearly see that there are two perceptions of aging, a “reliability-based” concept which 
is an “all-or-nothing” view: either there is loss of function (therefore failure) or the 
component can operate (but is perhaps degraded); and a “physical aging” concept which 
corresponds to the slow, continuous process of degradation of component properties and 
equipment functions. 



Table 2 compares these two concepts. 
We can immediately see that analyzing the two concepts will require different types of 
feedback and different approaches.  Once again, feedback  can clearly be seen as a strategic 
and indispensable element. 
Table 2. – The two concepts of aging

Concept Reliability-oriented Physically-oriented 
Components concerned Essentially active components Essentially passive components
Degradation mechanisms Many Often only one 
Failure modes Many Often only one (that can be 

prevented thanks to 
monitoring) 

Speed of appearance of aging Relatively rapid, sometimes
sudden 

 Slow, a continuous degradation 
process 

Modeling Probabilistic (attempt to find a
lifetime law using a sample o

 
f 

observed failures) 

- Physical, if knowledge is 
sufficient, as the single 
degradation mechanism is 
known 

- or statistical, based on 
degradation data observed 
at more or less regular time 
intervals 

Principal data (input data) Failures (loss of function) 
 

Degradations (for example, test 
data, wearout data, inspection 
data) 

Other data used Survival  data (right-censored When possible, physical data 
data) 
Expert  assessments 

Expert  assessments 
Analogous feedback 

Indicators sought Failure rate 
Failure intensity 
Probability of failure 
Mean lifetime 

Failure rate 
Failure intensity 
Remaining life 
Influencing co-variables 

Domain Reliability and maintenance,
RCM methodology 

 Physical probabilistic 
methodologies, condition-based 
maintenance 

 
3 Why should we be interested in aging in an installation? 
If the degradation mechanisms are well under control, the economic benefit of extending the 
life of an installation and its equipment is obvious, particularly for complex installations that 
require considerable investments.  However, in addition to the technico-economic benefits of 
extending the life, it is indispensable to identify the main vectors of aging, to detect them, 
evaluate them, rank them and take all necessary measures to mitigate or postpone them, and 
even to eliminate them.  



“Equipment lifetime” is unfortunately a “post mortem” concept.  We only truly know the life 
after the occurrence of a major and irremediable failure.  This case is rarely found in practice 
because we attempt to avoid such situations and generally, it is technico-economic 
optimization which determines lifetime in the industrial context. 
We should note that the engineer seeks to determine durability, which is the capacity of a 
piece of equipment to fulfill the expected function under given conditions of wear and 
maintenance, until a boundary condition is reached (the definition of European norm  EN 
13306, June 2001). This boundary condition may be characterized by the end of its service 
life, or by its unsuitability for technical and/or economic reasons or for other relevant reasons.   
In addition to real “post mortem” lifetime, the period that extends from fabrication to 
retirement, we can distinguish several kinds of life: 

- design life or intrinsic life or life predicted on design, which is the period during 
which it is expected that an SSC will function within its limits of acceptance; 

- residual life or remaining life: the period from a stated time to retirement of an SSC; 
- regulatory life, which corresponds to the moment at which an administrative 

authority forbids operation to continue; this life is dependent on a component’s 
technical condition, on operating and maintenance conditions, and on security 
constraints; 

- technico-economic life: beyond a certain point, the additional investments needed 
may not be amortizable in the future, or the industrial risk may be considered too 
high; it is generally this criterion which determines the shutdown or retirement of an 
installation and its equipment; 

- and finally, political life: a political decision may shut down the installation. 
4 Reliability-oriented concept of aging 
In this section, we shall particularly focus on the reliability-based perception of aging. 
The service life of any equipment, from commissioning to retirement, generally comprises 
three main phases, characterized by a chance function and specific failure rates (Figure 1): 

 A period of “infant mortality” or, to be more positive, a period of running-in, 
which takes the form of a failure rate that drops with increased operating time or 
number of demands: during the period; the most fragile equipment or equipment 
with faults will be eliminated  during this period.  This is the burn-in period for 
electronic equipment, and the running-in period for mechanical components.  
During this phase, it is important to conduct tests or trials on an equipment sample 
so as to be able, with a good assurance of success (optimization), to set aside what 
does not meet specifications or dependability targets. 

 A period of technical maturity, called the service life, characterized by a constant 
failure rate and during which mortality is random, accidental and sudden.  This is 
the normal period of operation for equipment; its design must be such that this 
period lasts longer than or at least as long as the mission assigned to the 
equipment.  We should note that because failures are, by definition, random, it is 
not possible during this period to optimize tests, in-service inspections or 
preventive maintenance. 

 And finally, a third period of so-called aging, during which the failure rate of 
equipment will increase with time or demand (IFR). One aging indicator for this 
equipment will thus be any observed rise in the failure rate (or in the failure 



intensity).  Two parameters are therefore important to characterize aging: the 
instant at which aging appears and its kinetics, once it has been detected. 

Knowing the first parameter will enable optimization of preventive maintenance during 
the “selection of maintenance tasks” phase of the Reliability Centered Maintenance (RCM) 
method. Knowing the second will enable evaluating the speed at which the risk of failure will 
increase. 

 Burn in 

Service life 
ageing 

time 

 λ 

 
Figure 1 .Evolution of the failure rate of a component as a function of time operation 

(age). 
This reliability-based vision essentially relates to active components.  They are subject to 
periodical preventive maintenance or refurbishment.  Aging generally first affects a sub-
component whose failure results in a total or partial inability to fulfill the component’s 
mission, or in a serious drop in operating performance.  The appearance of such failures 
appears to be random so that it is difficult to predict them and, therefore, to define an 
optimized preventive maintenance program. 
It is the role of Reliability Centered Maintenance to optimize preventive maintenance 
programs, identify critical components and define the maintenance tasks best suited to 
avoiding failures.  Equipment is monitored and feedback from this monitoring makes it 
possible to validate the preventive maintenance programs or, on the contrary, to adapt them 
periodically in light of observations. 
Design modifications, preventive and condition-based maintenance, refurbishment, and 
replacement of faulty parts or of an entire piece of equipment are all possible remedies to 
offset or postpone aging. 
Periodical tests or in-service inspections or, quite simply, monitoring of the equipment’s 
reliability parameters enable pointing up signs that aging has begun and providing assistance 
in determining the moment at which one of the remedies must be implemented. 
On an industrial plane, then, we must distinguish: 

 Equipment to undergo preventive maintenance so as to maintain a relatively stable 
failure rate; the end of its service life will generally be accidental and sudden.  Such 
equipment is generally classified as “active”, and considered critical in terms of safety, 
availability and cost targets. 

 Equipment not subject to maintenance will age naturally and deteriorate more or less 
rapidly, depending on the predominant physical phenomenon affecting it.  In the 
absence of maintenance, it will still be inspected or monitored regularly.  Such 
equipment is generally classified either as “passive” (and its behavior is monitored), or 
as active “non-critical” and failure is expected. 

 5 Physical aging 
This generally concerns passive equipment (structures, pipes, pressurized containers, etc.).  
The aging process is associated with a mechanism of degradation of the material with which it 
is made. 



The objective is to see that the degradation does not lead to a failure and a loss of function for 
the equipment: for example, corrosion will cause a through-wall crack (measurable effect) 
which can lead to more serious leakage or, more serious still, fast fracture (failure mode). 
Optimization to prevent this type of occurrence will involve condition-based maintenance or 
in-service inspection, which must make it possible preventively to detect the start of a 
deterioration triggered by a degradation process, and its propagation, before an actual break.  
Once a degradation has been observed (through monitoring), it is sufficient to perform the 
preventive tasks that will prevent the failure. 
For the materials used for electromechanical equipment, but also for concrete or the polymers 
used to sheathe electric cables, etc., the main degradation mechanisms are: 

 thermal fatigue linked to the temperature cycles to which the equipment is subjected, 
 crack-generating stress corrosion, 
 erosion, 
 mechanical wearout, 
 embrittlement due to radiation, 
 loss of prestressing in concrete, etc. 

 
To understand the process from incipient fault to propagation, to detect faults and anticipate 
their evolution, it is necessary to identify the degradation mechanism at work (Bouzaïene-
Marle et al, 2005)  and have precise knowledge of the physical phenomena and the physical or 
statistical laws of degradation linked to the mechanism:  this is one aspect of structure 
reliability (Figure 2). 
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Figure 2 . Evolution in a degraded condition 
 
In-service inspection and condition-based maintenance are the key elements in protection of 
passive components against degradation processes (Figure 3). 
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Figure 3 – Modeling degradations 

 
6  The consequences in terms of extension of lifetime 
Above and beyond the life initially projected at the time of design, the longevity of industrial 
equipment has major economic impacts: once equipment investment is amortized, operating 
costs are reduced, of course, but also capital is saved due to the elimination of the need to 
reinvest in new equipment. 
Extending the life of an installation implies understanding the equipment aging process and 
carrying out the necessary servicing, maintenance and refurbishment tasks, respecting 
operating efficiency, safety and regulations and understanding that requirements are 
increasingly stringent in these domains.  There are therefore socio-economic or industrial 
limits to the investments one is willing to make to extend the lifetime of installations or 
equipment. 
Strategies for defense against aging involve first taking into account potential degradation 
mechanisms from the time of design, putting in place a monitoring program to verify the 
validity of the design options chosen, gathering feedback and, finally, carrying out preventive 
maintenance and, where necessary, repair, modification, refurbishment or replacement of 
components which have reached their age limit or are obsolete in technical, economic or 
regulatory terms. 
We should note that for all active and passive equipment, maintenance and refurbishment 
operations have a cost, not only in financial terms but also in terms of outage, image, doses to 
humans, etc., implying deadlines and constraints which may impact the real lifetime of the 
equipment.  
Problems of technico-economic optimization will play a role in the choice among possible 
strategies. 
7 What do we now know about reliability-oriented assessment of aging? 
The most advanced work on aging today is done from a reliability perspective. 



How can we evaluate or measure equipment lifetime?  Beginning in the 20th century, experts 
based their work on studies of human demography which we can trace back to John Graunt 
(1620-1674), attempting to develop a theory of industrial reliability based on observation and 
analysis of operating feedback data (Graunt, 1662). 
These methods were transposed to many domains including the biomedical, pharmaceutical 
and economics sectors, with a view to modeling the lifetime of a company or a period of 
inactivity. 
The probability distribution of failure times can be characterized by: 

 a cumulative distribution function F(t), which gives the probability that a component 
will break down before time t, 

 a probability density f(t), which is the derivative of the preceding function and which 
represents the relative instantaneous frequency of failures as a function of time, 

 a function of survival or reliability R(t), which is the complement of the failure 
distribution function: 

R(t) = 1 – F(t), 
 a chance function or instant failure rate, which is the probability of having a failure 

within the next time interval, dt, knowing that the component functioned up to t. It 
represents the bathtub curve of Figure 1.1,  associated with the failure rate. 

 a quantile tp which is the time for which a given proportion p of the component 
population is broken down. 

All distributions are completely defined by their first two moments: mathematical expectancy, 
or mean value, and variance, representing the uncertainty with regard to the mean value. 
In 1939, the Swedish mathematical engineer W. Weibull proposed a universal lifetime law in 
“A statistical theory of strengths of materials” (Ing. Vetenskaps Akad.  Handl., N° 151).  This 
law representing evolution in the failure rate λ(t) with time,t, is known as the Weibull law.  
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 It represents evolution in the failure rate during the three phases in the life of a component: 
youth, maturity, age (the bathtub curve of figure 1), and has generally two parameters: 

 the scale parameter η, linked either to the end of the running-in period during the “youth” 
of the component or to the time at which aging sets in,  

 the shape parameter β, linked to the intensity of the running in, when it is less than 1, or to 
the intensity of the aging kinetic, when it is more than 1; when it is equal to 1, the  
Weibull law becomes an exponential law representative of the occurrence of random 
failures, i.e. representing the service life or maturity of the component. 

Very practical procedures for estimating these parameters are given in the documentation and 
use either a graphic method, (Moss, 2005) known as the Allan-Plait paper or the Weibull 
paper, either computer algorithms (Lannoy, Procaccia, 2005).  
8. A software example : REXPERT (Procaccia, 2005;  siadcom1@wanadoo.fr). 
Mathematic estimation of Weibull law parameters is not really easy. A large number of 
complete data is indeed necessary to obtain a relatively precise estimation. When this number 
is too small or the rate of censored observations is high, it is suggested to simulate data or to 
use bayesian techniques, simulated data or expertise compensating the missing information in 
the computation algorithm. 



The Maximum Likelihood (ML) estimates of the Weibull law parameters are obtained by 
solving the following equations with an iterative procedure generally using the Newton-
Raphson or Simpson methods: 
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ti being the observed failure times and tj the censored times. 
This methodology is used in many software tools, in particular in the REXPERT software, 
which collects and modelizes expertises and observed data, and estimates the Weibull law 
parameters,  β and η.  
When the number of collected data is limited, simulation-based methods provide more precise 
estimates of parameters. The most popular simulation methods are the bootstrap sampling and 
the Monte Carlo simulation, both used in REXPERT: 
 - the principle of bootstrap sampling is to simulate the repeated sampling process, 
to use the information from the distribution of appropriate statistics in the bootstrap samples, 
to compute the relevant parameters; it is necessary to generate a large number of simulated 
samples from the original data sample; in the fully parametric bootstrap sampling method, the 
ML estimates determined from the actual data are used to replace the unknown parameters; 
 - the Monte Carlo method consists in generating series of values of random 
variables with specified probability densities;  the results of the simulation are treated as if 
they were experimental data. 
Generally, due to the high quality of design and to a very demanding maintenance 
programme, failure data are limited, and most of the field data are right censored data. In this 
case, Maximum Likelihood estimation can be strongly biased, and Stochastic Expectation 
Maximisation (SEM) is preferred (Bacha et al, 1998). 
A first approximation of the Weibull parameters βi, ηi is performed from observed data or 
from expert assessments. 
Then, the conditional expectation of censored data is simulated with a Weibull distribution 
having (βi, ηi )  parameters, and is maximised using observed data. 
 Each iteration has two steps: 
 .completing the sample of failure data with a simulation of each censored data, 
beyond the censored time; 
 .computation of the parameter estimates (βi+1, ηi+1 ) with the ML method. 
The process is stopped when each parameter becomes stable. 
Finally bayesian probabilistic inference based on combining operating experience data - the 
likelihood function- with expert opinions relative to the representative mathematical model - 
the prior information -,  is also implemented in REXPERT. This approach is well adapted to 
rare events. 
The component reliability over time is modelled with a two-parameter Weibull distribution of 
the reliability of the component which is in a Bayesian context: 
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β,η, being respectively the Weibull random shape and scale parameters, and π(β,η) the 
posterior distribution relative to these unknown parameters, deduced from expert judgement  
(prior information) and field data (likelihood function). 
The input display screen of REXPERT is given figure 4. 

 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4-  REXPERT input display screen 
The first part of the software (top of the figure) concerns the collection and the modeling of 
expertise and data from the field (feedback experience): reliability parameters from similar 
data bank collection, and computation of failure rate, probability of failure on demand, mean 
repair time, calculation made from non informative or informative expertise and from field  
data. Figure 5 shows input of prior information relatively to expertise or feedback data for 
computation of exponential failure rate. Note that the analyst has the possibility to weight or 
to balance the available information in function of the relative attached confidence (use of the 
relative Fisher information). 

 
 
 
 
 
 
 
 
 
 
 
 

Figure 5- Input of prior information 



The second part of the software concerns the determination of Weibull law parameters, either 
with a frequential calculation if the number of failure data is important, either with a bayesian 
algorithm when it is not the case and when expertise is available. 
To illustrate the possibilities of the software with the bayesian computation of the Weibull 
parameters,  data recorded from type I tests on four identical horizontal reciprocating 
compressors in a  petrochemical installation (Moss, 2005) have been chosen. Observations 
cease after 8760 hours of operation. They are time-terminated right-censored sample of data. 
The observed data are given in table 3, failure times and censored data  are in hours.  
Table 3. Reciprocating compressors test results (Moss, 2005) 

Compressor Time of 1st failure Time of 2nd failure Time of 3rd failure Censored Time 
A 3600 7408 8058 8760 
B 4200   8760 
C 2408 5426 7076 8760 
D 3003 8408  8760 

 
Figure 6 represents input data display in a bayesian approach: the left part of the display 
screen collects expertises (Lannoy, Procaccia, 2003) on shape parameter (burn in or aging) in 
a gradual estimation (top), the estimated uncertainty of expertise (middle), and at the bottom,  
a min and a max value of the expected mid-life of the compressor ( and not the scale 
parameter). On the right part are recorded the test observations (from table 3). 

 
Figure 6 -  REXPERT aging input data 

The obtained results on scale and shape parameters are given on the figure 7, where the 
computation are realized without weighting between prior and likelihood information. Mean 
value of each Weibull parameter, standard deviation, shape and scale parameters of gamma 
distributions which represent uncertainty of Weibull parameters, are computed for prior 
distribution (the expertise), likelihood (the observed data), and posterior joint distribution 
(given on the figure 7). 



 
 Figure  7 - Posterior computed Weibull parameters (without weigthing). 

 
If a Fisher weighting is used with the goal to give the same importance to expertise and to 
observed data, the respective posterior results are: 

 - β = 2,16 

 −η = 7440 hours 
Figure 8 represents the graphs of posterior distributions of shape and scale Weibull 
parameters. 
 

 
 

Figure 8 -  Posterior Weibull shape and scale parameter distributions 
Finally the computed reliability in this case is given figure 9. 



 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 9 Computed reliability 
(result exact computation relation (a); approximate with parameters estimates) 

The Weibull law has been and is still widely used in parametric methodologies, but there are 
also others which are less used. 
In particular, we might mention the Cox model ( Cox, 1972), which uses a vector of 
explicative exogenic variables in the failure rate or in a degradation model; these variables 
can, in turn, depend on time. 
Parametric methods provide a simple means of obtaining an estimation of the parameters of a 
law on the basis of a limited number of observed data, and their confidence interval.  
However, one is bound to the choice of the model retained, which may be different from the 
real model studied. 
Non-parametric models like the Kaplan-Meier estimator (1958) of the reliability function, a 
complement of the distribution function for failure times F(t), presupposes no particular shape 
for the failure rate distribution.  They may represent a preliminary step prior to the choice of a 
parametric model, but they require at least 5 observations. 
The main characteristic of probabilistic lifetime models is that the variables are positive: the 
normal law one can use will not be the reference  model. Another characteristic is the 
presence of incomplete data (survival data) which will complicate statistical procedures, since 
the information obtained from feedback is incomplete (Celeux, 2000).  The data are 
considered to be truncated or type I or type II censored depending on whether observation has 
ended due to a limit on the observation time or to a predefinition of the number of failures. 
As concerns modeling of degradations, work in this domain seems very recent.  Nonetheless, 
in the Fifties, reliability experts focused on physical analysis of failures observed in feedback, 
with a view to determining the physical causes, the degradation mechanisms at work, the 
kinetics, etc., and on finding solutions essentially related to design or fabrication.  This aspect 
of reliability seems to be undergoing a revival if we consider the current economic concerns 
of industrialists seeking to extend service life or control aging, and if we look at recent 
research publications (see, for example, Bagdonavicius, Nikulin, 2002). 
To review current knowledge in the field of aging and aging management will therefore need 
to examine two aspects: reliability studies and modeling of degradations. 
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Abstract.

We consider here the accelerated models describing dependence of the lifetime distribution on

the time-varying explanatory variables. Such models are used in reliability and survival analysis to

study the reliability of bio-technical systems in dynamic environments.

We shall discuss the problems of statistical modeling and of choice of design in accelerated life

testing to obtain the statistical estimators of the main reliability characteristics.

1. Introduction in accelerated life testing

The failure time data are used for product reliability estimation. Failures of highly reliable units

are rare and other information should be used than traditional censored failure time data. One

way of obtaining this complementary reliability information is to apply the methods of the so-called

accelerated life-testing (ALT). The ALT has been recognized as a necessary activity to ensure the

reliability of electronic products used in military, aerospace, automotive and mobil (cellular, laptop

computers) applications, from which one can see that accelerated testing of electronic products

offers great potential for improvements in reliability life testing, to obtain wished reliability results

for the products more quickly then under normal operating conditions, given in terms of covariates

(stresses), which could be time-varying. It is interesting to study the possibility to take into account

the cumulative effect of the applied stresses on aging, fatigue and degradation of testing items,

systems, etc... The problem becomes to model effects of covariates on the hazard rate under operating

conditions, see, Lehmann (2004). ALT methods can be either qualitative or quantitative.

Qualitative ALT techniques are known as Highly Accelerated Life Testing (HALT), Highly Accel-

erated Stress Testing (HAST), Highly Accelerated Stress Screen (HASS), Elephant and Torture tests,

Shake and Bake tests, etc... Qualitative tests are performed in industrial practice on small samples

for the purpose to reveal probable failure modes in the product. This information may be used

by managers and engineers to improve the product design, but this information not provides any
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measurements regarding the product reliability. HALT, HASS and HAST approaches are relatively

new in accelerated testing.

Quantitative ALT (QALT) techniques are designed to quantify the life of the product and to

capture the statistical life data under accelerated conditions to provide numerical estimations of

reliability characteristics and the statistical inference for the functioning of the product under normal

use conditions. Here we shall consider only QALT approaches, based on statistical modelling in

dynamic environments, which give the possibility to obtain the estimators of the main reliability

characteristics under usual stress (design) using data of accelerated experiments when units are tested

at higher than usual stress conditions, to have more information concerning failures from a given

test time than would normally be possible. In industrial sector this information should then be used

in order to quantify reliability and improve product reliability efficiently, and to determine whether

safety and reliability goals are being meet, to assess warranty risk, etc...(see, Nelson (1990), Meeker

and Escobar (1998)).

Accelerated life models relating the lifetime distribution to possibly time dependent variables

are considered here, (see, also, for example, Andersen, Borgan, Gill, Keiding (1993), Lawless (2003),

Bagdonavičius and Nikulin (1995, 1998, 2001, 2004), Doganaskoy, Meeker, Hahn (2002), Duchesne

(2004), Singpurwalla (1971, 1995), Viertl (2004), George and Felthauser (2002), Yashin (2004),

etc...) Such approach is used now in demography, dynamic of populations, gerontology, biology,

reliability, survival analysis, genetics, radiobiology, biophysics, everywhere people study the problems

of longevity, aging and degradation using the stochastic modeling. So many points of view exist,

as considering only damaging on attentional resources and on speed of treatment, or as bringing

to the fore improvement of some cognitive competence. In addition, many questions arise about

origin of mechanical, physical and chemical processes of aging, fatigue and degradation according

to different level of complexity of bio-technical system. The reliability theory seems to be a great

method to obtain a general theory of aging and degradation of bio-technical systems. Parametric,

nonparametric and semiparametric accelerated life models are used in accelerated life testing. Here

we want to put accent on semi-parametric models with time dependent covariates, which are the

more adaptive to considered problems.

2. Notations

Suppose that the explanatory variable is a deterministic time function

x(·) = (x1(·), . . . , xm(·))T : [0,∞[→ B ∈ Rm,

2



which is a vector of covariates itself or a realization of a stochastic process X(·) = (X1(·), . . . , Xm(·))T .

In terms of time-varying stresses a statistician may describe a design of experiments, an evolutionary

perspective on longevity, aging and degradation of items, etc... We denote E a set of all possible

(admissible) stresses. If x(·) ∈ E is constant in time we denote x instead, and we note E1 the set

of all constant covariates, E1 ⊂ E. The covariates can be interpreted as the control, see Ceci and

Mazliak (2004), since we may consider models of aging in terms of differential equations and so to

use all results from the optimal control theory.

The mostly used time-varying stresses in ALT are step-stresses: units are placed on test at an

initial low stress and if they do not fail in a predetermined time t1, the stress is increased. If they

do not fail in a predetermined time t2 > t1, the stress is increased once more, and so on. Thus

step-stresses have the form

x(u) =





x1, 0 ≤ u < t1,
x2, t1 ≤ u < t2,
· · · · · ·
xk, tk−1 ≤ u < tk, tk ≤ ∞,

(1)

where x1, · · · , xk are from E1. Sets of step-stresses of the form (1) will be denoted by Ek, Ek ⊂ E.

Let E2, E2 ⊂ E, be a set of step-stresses of the form

x(u) =
{

x1, 0 ≤ u < t1,
x2, u ≥ t1.

(2)

Let Tx(·) be the failure time under x(·) ∈ E. Then the survival, the hazard rate and the

cumulative hazard functions given x(·) ∈ E are :

Sx(·)(t) = P
(
Tx(·) ≥ t | x(s); 0 ≤ s ≤ t

)
, λx(·)(t) = −

S′x(·)(t)

Sx(·)(t)
, Λx(·)(t) = − ln

[
Sx(·)(t)

]
,

from where one can see their dependence on the life-history up to time t. Denote by λ0(t) a baseline

rate function. It corresponds to the failure rate of given items when hypothetically all of them are

testing in the same ”standard”, ”normal”, or ”usual” conditions, given by a stress x0(·). Often we

put x0(·) = x ≡ 0. We denote by fx(·)(t) the time under x0(·) equivalent to t under the stress x(·) in

the sense that the probability that an item used under the stress x(·) would survive till the moment

t is equal to the probability that an item used under the normal stress x0(·) would survive till the

moment fx(·)(t):

Sx(·)(t) = P{Tx(·) ≥ t} = P{Tx0(·) ≥ fx(·)(t)} = Sx0(·)(fx(·)(t)).

Let x(·) and y(·) be two admissible stresses: x(·), y(·) ∈ E. We say that a stress y(·) is accelerated

with respect to x(·), if Sx(·)(t) ≥ Sy(·)(t).
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3. The Cox or Proportional hazards models on E

All famous models such as Cox model, AFT model, linear transformation model, frailty model,

generalized proportional model, additive hazards model, etc..., are in the class of semiparametric

regression models. The most popular and most applied model is the proportional hazards model

called also the Cox model. The popularity of this model is based on the fact that there exists simple

semi-parametric estimation procedures which can be used when the form of survival distribution

function is not specified, see Cox(1975), Andersen and al (1993). On the other hand the Cox model

is rather restrictive and is not applicable when ratios of hazard rates under different fixed covariates

are not constant in time. But in practice the hazard rates may approach, go away or even intersect.

In such a case more sophisticated models are needed. We discuss them in the following sections.

Under the Cox model the hazard rate under a covariate x(·) is given by formula:

λx(·)(t) = r (x(t)) λ0(t), x(·) ∈ E, (3)

where λ0(t) is baseline hazard rate function (usually unknown) corresponding to an usual stress x0,

and r(·) is a positive function, r : E 7→ R1
+, usually unknown also, with the condition r(0) = 1. The

model implies that the ratio R(t, x1, x2) of hazard rates under different fixed constant covariates x1

and x2 is constant over time:

R(t, x1, x2) =
λx2(t)
λx1(t)

=
r{x2}
r{x1} = const.

In most applications the function r is parametrized in the form

r(x) = exp{βT x}, where β = (β1, · · · , βm)T , (4)

is the vector of regression parameters. Under this parametrization we obtain the classical semipara-

metric Cox model with time-dependent covariables:

λx(·)(t) = eβT x(t)λ0(t). (5)

Usually the Cox model is considered as semiparametric: the finite-dimensional parameter β and the

baseline hazard function λ0 are supposed to be completely unknown. Nevertheless, non-parametric

estimation procedures when the function r is also supposed to be unknown are sometimes used.

Parametric estimation procedures when λ0 is taken from some parametric class of functions is

scarcely used because the parametric AFT model is also simple for analysis and more natural.

The PH model is not much used analysing failure time regression data in reliability. The cause

is that the model is not natural when subjects are aging. Indeed, the formula (3) implies that for
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any t the hazard rate under the time-varying covariate x(·) at the moment t does not depend on the

values of the covariate x(·) before the moment t but only on the value of it at this moment, and

hence the conditional probability to fail in a time interval (t, t + s) given that a unit is functioning

at the moment t depends only on the values of the stress (or covariable) x in that interval but does

not depend on the values of the stress until the moment t:

P{T ≤ t + s | T > t, x(u), 0 ≤ u ≤ t} = 1− e
−

∫ t+s

t
eβT x(u)λ(u)du

,

It is an absence of memory model, so it is rather not natural to apply this model when systems are

aging. Nevertheless, in survival analysis the PH model usually works quite well, because the values

of covariates under which estimation of survival is needed are in the range of covariate values used

in experiments. So the use of a not very exact but simple model often is preferable to the use of

more adequate but complicated model. It is similar with application of linear regression models in

classical regression analysis: the mean of dependent variable is rarely a linear function of independent

variables but the linear approximation works reasonably well in some range of independent variable

values. In reliability, accelerated life testing in particular, the choice of a good model is much more

important than in survival analysis. For example, in accelerated life testing units are tested under

accelerated stresses which shorten the life. Using such experiments the life under the usual stress is

estimated using some regression model. The values of the usual stress is not in range of the values of

accelerated stresses, so if the model is misspecified, the estimators of survival under the usual stress

may be very bad. The Cox model was extended in different ways.

4. Accelerated Failure Time

Now we consider the famous accelerated failure time (AFT) model, which, according to L.Bolshev

(1976), is more adapted to study the aging populations (see Meeker and Escobar (1998), Viertl

(1988), Bagdonavicius and Nikulin (1995,2001), etc). Under the AFT model on E the survival and

the cumulative hazard function under a covariate realization x(·) are given by formulas:

Sx(·)(t) = G

(∫ t

0

r [x(s)] ds

)
and Λx(·)(t) = Λ0

(∫ t

0

r [x(s)] ds

)
, x(·) ∈ E, (6)

respectively, where G = Sx0(·) = S0, Λ0(t) = − ln S0(t), x0(·) is a given (usual) stress, x0 ∈ E.

The function r changes locally the time-scale. Let denote R a random variable

R =
∫ Tx(·)

0

r [x(s)] ds = fx(·)(Tx(·)). (5)

It is easy to show that the law of R does not depend on x(·) and that P{R > t} = Sx0(·)(t). By this

reason one can write that R = Sx0(Tx0(·)). The random variable R is called the Sx0(·)-resource or
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simply resource, and the number fx(·)(t) is called the Sx0(·)-resource used until the time t under the

stress x(·). It represents the effect of covariate on the lifespan of a system. Accelerated life models

can be formulated specified the way of resource usage. From the definition of fx(·)(t) it follows that

for the AFT model on E
∂fx(·)(t)

∂t
= r(x(t))

is the speed of resource using at the moment t, which depends only on the value x(t) of the stress

x(·) at this moment t. Note that r is unknown, but it can be estimated from data. At the end we

note that the AFT model can be given in terms of hazard rate function by the next formula:

λx(·)(t) = r (x(t)) q
(
Λx(·)(t)

)
, x(·) ∈ E, (6)

where function q is given by equation

H(u) =
∫ −lnu

0

dv

q(v)
, 0 < u < 1, H = G−1.

Remark 1. The exponential resource is obtained by taking Sx0(t) = e−t. In this case the failure

time under a stress is equivalent at the cumulative rate function at this time under this stress, since:

R = fx(·)
(
Tx(·)

)
= S−1

x0(·)
[
Sx(·)

(
Tx(·)

)]
= − ln

[
Sx(·)

(
Tx(·)

)]
= Λx(·)

(
Tx(·)

)
, x(·) ∈ E. (7)

So for any t the number Λx(·)(t) ∈ [0,∞) is the exponential resource used untill the moment t under

stress x(·), and, hence, the rate of exponential resource usage is the hazard rate λx(·)(t).

Remark 2. If x(·) ≡ x ∈ E1, we have that the speed of resource used is r(x) ≡ const, and hence

we obtain:

R =
∫ Tx

0

r(x)ds = r(x)Tx, Tx =
R

r(x)
, Sx(t) = G(r(x)t), x ∈ E1.

So if r(x) > 1 the lifetime is accelerated and vice versa. So covariates influence the speed of the

resource used. Note that often under the AFT model the function r is parametrized as in (4), for

example.

Example 1. Let r(x) = e−β0−β1x. It is the log-linear model.

Example 2. Let r(x) = λ1x
β1 . It is the power rule model.

Example 3. Let r(x) = λ1e
−β1/x. It is the Arrhenius model.

Example 4. Let r(x) = λ1

(
x

1−x

)−β1

, 0 < x < 1. It is the Meeker-Luvalle model.
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Example 5. Let r(x) = λ1xe−β2/x. It is the Eyring model.

In practice often a baseline survival function S0 is taken from some class of simple parametric

distributions, such as Weibull, lognormal, log-logistique, etc., and in this case we obtain the paramet-

ric AFT model. An interesting family we have when S0 belongs to the Power Generalized Weibull

(PGW) family of distributions (see, Bagdonavicius and Nikulin (2002)). In terms of the survival

functions the PGW family is given by the next formula:

S(t, σ, ν, γ) = exp

{
1−

[
1 +

(
t

σ

)ν] 1
γ

}
, t > 0, γ > 0, ν > 0, σ > 0.

If γ = 1 we have the Weibull family of distributions. If γ = 1 and ν = 1 = 1, we have the exponential

family of distributions. This class of distributions has very nice probability properties. All moments

of this distribution are finite. In dependence of parameter values the hazard rate can be constant,

monotone (increasing or decreasing), unimodal or
⋂

-shaped, and bathtube or
⋃

-shaped. Another

interesting family, the Exponentiated Weibull Family of distributions, was proposed by Mudholkar

& Srivastava (1995). When the AFT model is parametric the maximum likelihood estimators of

the parameters are obtained by almost standard way for any plans. Parametric case was studied by

many people, see, for example, Nelson (1990), Bagdonavičius, Gerville-Réache, Nikoulina and Nikulin

(2000), Bagdonavičius, Gerville-Réache and Nikulin (2002), Meeker & Escobar (1998), Sethuraman

& Singpurwalla (1982), Shaked & Singpurwalla (1983), Viertl (1988), Xie (2000), etc...

Remark 3. If the functions r(·) and S0(·) are unknown we have a nonparametric AFT model. If the

baseline function S0 is completely unknown, and r is parametrized, then we obtain a semiparametric

AFT model. Nonparametric and semiparametric analysis of AFT model was considered, for example,

by Lin & Ying (1995), Duchesne & Lawless (2000,2002) , Bagdonavičius and Nikulin (2002, 2004).

AFT model is popular in reliability theory because of its interpretability, its mathematical proper-

ties and its consistency with some engineering and physical principles. Nevertheless, the assumption

that the survival distributions under different covariate values differ only in scale is rather restrictive.

5. Generalized Sedyakin’s model

The physical principle in reliability states that, for two identical populations of units functioning

under stresses x1 6= x2, two moments t1 and t∗1 are equivalent if the probabilities of survival are

equal until these moments, i.e.

Sx1(t1) = Sx2(t
∗
1).

This principle, proposed by N. Sedyakin in (1966), permits to prolong the survival function of a
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constant stress to step-stresses, for example on E2, given by (2), then we have the so-called rule of

time-shift for the hazards rate function under x(·) ∈ E2:

λx(·)(t1 + s) = λx2(t
∗
1 + s), ∀s ≥ 0. (8)

The meaning of this rule for these step-stresses on E2 one can see also in terms of the survival

function Sx(·)(t), x(·) ∈ E2 that satisfies the same rule of time-shift

Sx(·)(t) =
{

Sx1(t), 0 ≤ t < t1,
Sx2(t− t1 + t∗1), t ≥ t1,

(9)

where the moment t∗1 is determined by the equality Sx1(t1) = Sx2(t
∗
1), from where it follows that

t∗1 = r(x1)
r(x2)

t1. It is well known the Sedyakin’s model on E2.

The GS model generalizes this idea, by supposing that the hazard rate at any moment t depends

on the stress at this moment and on the probability of survival until this moment :

λx(·)(t) = g
(
x(t), Sx(·)(t)

)
, x(·) ∈ E. (10)

Note that the AFT model is the only model considered here, which verifies this rule.

At the end of this section we note that if the AFT model holds on Em then, since it verifies the

Sedyakin’s principle, the survival function Sx(·)(t) verifies the equalities:

Sx(·)(t) = S0





i−1∑

j=1

r(xj)(tj − tj−1) + r(xi)(t− ti−1)



 =

Sxi



t− ti−1 +

1
r(xi)

i−1∑

j=1

r(xj)(tj − tj−1)



 , t ∈ [ti−1, ti), (i = 1, 2, ...,m).

In the literature on ALT the this model on Em is well known as the basic cumulative exposure model,

see Bhattacharyya and Stoejoeti (1989).

The GS model is too wide for AFT data analysis but is useful for construction of narrower

models. Nevertheless if the covariates are step functions, g can be more concrete. For these reasons

it is interesting to introduce the next one model, which generalizes the AFT model.

6. Changing Shape and Scale (CHSS) models

Natural generalization of the AFT model (see Nelson (1990), Meeker and Escobar (1998)) is

obtained by supposing that different constant stresses x ∈ E1 influence not only the scale but also

the shape of survival distribution: there exist positive functions on E1 θ(x) and ν(x) such that for

any x ∈ E1

Sx(t) = Sx0

{(
t

θ(x)

)ν(x)
}

; (11)
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here x0 is fixed stress, for example, design (usual) stress. Let us consider generalizations of the

model (11) to the case of time varying stresses. We say that the changing shape and scale (CHSS)

model (Bagdonavičius and Nikulin (2000d)) holds on E if there exist two positive functions r and ν

on E such that for all x(·) ∈ E

∂fx(·)(t)
∂t

= r{x(t)} tν(x(t))−1.

This equality implies that

Sx(·)(t) = Sx0

(∫ t

0

r{x(τ)}τν(x(τ))−1dτ

)
, x(·) ∈ E.

Variation of stress changes locally not only the scale but also the shape of distribution. In terms of

the hazard rate the CHSS model can be written in the form:

λx(·)(t) = r{x(t)} q(Λx(·)(t)) tν(x(t))−1. (12)

This model is not in the class of the GS models because the hazard rate λx(·)(t) depends not only

on x(t) and Λx(·)(t) but also on t. Generally is recommended to chose ν(x) = eγT x. This model has

the simple interpretation. Note that under the CHSS model the resource usage rate under x ∈ E1

is increasing, if ν(x) > 1, decreasing if 0 < ν(x) < 1, and constant, if ν(x) = 1. In last case we have

the AFT model.

7. Collapsible models

Under the collapsible model the hazard rate under a covariate realization x(·) in given by formula

Sx(·)(t) = Sx0(·)
(
Φ(t,Λx(·)(t), β)

)
, x(·) ∈ E, (13)

where Φ is a positive function, non decreasing. Φ can be viewed as a common scale in which the

age of all the systems can be compared, regardless of their usage history, as an ideal time scale.

The failure is supposed to occur when internal degradation crosses a certain threshold or due to a

traumatic event.

Collapsible models form a subset of AFT models with time-varying covariates for which the time

transformation function satisfies certain simple properties. It allows for a very easy interpretation

of the effect of usage on lifetime, and further more, a completely non parametric modeling. For

instance, one physical condition is obvious: the damage inflicted by time and usage to a system

has to be cumulative and permanent for the model to hold. More about the collapsible models see

Duchesne (2004), Duchesne and Rosenthal (2003), Singpurwalla (1995), etc... Now we consider a

class of semiparametric models which are extensions of the Cox and AFT models.
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8. Generalized Proportional Hazards (GPH) models

Under the GPH (see, Bagdonavičius and Nikulin (1995, 2001), Duchesne (2004), Ceci and Mazliak

(2004), etc... ) model the hazard rate under a covariate realization x(·) in given by formula

λx(·)(t) = r (x(t)) q
(
Λx(·)(t)

)
λ0(t), x(·) ∈ E, (14)

where q is positive, with q(0) = 1. Then the rate of resource usage at the moment t depends on a

stress applied at this moment and on the resource used until t, but not the entire usage history up

to t. It allows the ratios of the hazard rates under constant covariates to be increasing or decreasing.

Note that it contains the PH model, the AFT model.

Three models with monotone hazard ratio are remarkable : the GPHGW when q(u) = (1+u)1−γ ,

the GPHGLL when q(u) = eγu, and the GPHIGF when q(u) = (1 + γu)−1. For the two first, when

γ < 0 the support of Tx(·) is finite. Others well-known examples of GPH models are the frailty

models. They are characterized by stochastic hazards :

λx(·)(t|Z) = Zr (x(t))λ0(t), x(·) ∈ E,

where Z is a so-called frailty random variable, P{Z > 0} = 1.

9. Generalized Additive-Multiplicative Hazards (GAMH) models

Under the GAMH model (Bagdonavičius and Nikulin (1998)) the hazard rate under a covariate

realization x(·) in given by formula

λx(·)(t) = q
(
Λx(·)(t)

) [
r (x(t)) λ0(t) + a (x(t))

]
, x(·) ∈ E. (15)

It contains clearly the GPH and the AH models, and so all the obvious presented models. Then

the GAMH model allows the ratios of hazard rates under constant covariates to be increasing or

decreasing and it influences locally the scale of the survival distribution.

10. Models including switch-up and cycling effects

Considering the GS model, it was noted that this (and also AFT) model may not be appropriate

when stress is periodic due to a quick change of its values. The greater the number of stress cycles,

the shorter the life of units. So the effect of cycling must be included in the model. The GS model

can be not verified when switch-up’s of stress can imply failures of units or influence their reliability

in the future. We shall follow here Bagdonavičius and Nikulin (2001). Suppose that a periodic stress

is differentiable. Then the number of cycles in the interval [0, t] is

n(t) =
∫ t

0

| d1{x′(u) > 0} | .
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Generalizing the GPH model we suppose that the G-resource used until the moment t has the form:

fG
x(·)(t) =

∫ t

0

r1{x(u)}dH(S0(u)) +
∫ t

0

r2{x(u)}d | 1{x′(u) > 0} | .

The second term includes the effect of cycling on resource usage. In terms of survival functions

Sx(·)(t) = G

{∫ t

0

r1{x(u)}dH(S0(u)) +
∫ t

0

r2{x(u)} | d1{x′(u) > 0}
}

.

If amplitude is constant, r2{x(u)} = c can be considered.

The AFT model is generalized by the model

Sx(·)(t) = G

{∫ t

0

r1{x(u)}du +
∫ t

0

r2{x(u)} | d1{x′(u) > 0} |
}

.

The GS and AFT models are not appropriate if x(·) is a step-stress with many switch ons and

switch offs which shorten the life of units. An alternative to the GS model under step-stresses can

be obtained by taking into account the influence of switch-ups of stresses on reliability of units.

Switch-ups can imply failures of units. Suppose that an item is observed under the step-stress (1)

and after the switch-off at the moment ti from the stress xi to the stress xi+1 the survival function

has a jump:

Sx(·)(ti) = Sx(·)(ti−) δi;

here δi is the probability for an item not to fail because of the switch-off at the moment ti. In this

case the GS model for step-stresses can be modified as follows:

Sx(·)(t) = Sxi(t− ti−1 + t∗∗i−1)),

where

t∗∗1 = S−1
x2
{Sx1(t1) δ1}, t∗∗i = S−1

xi+1
{Sxi(ti − ti−1 + t∗∗i−1)) δi}.

Thus the time shift is modified by the jumps. In this case the following model can be considered:

fG
x(·)(t) =

∫ t

0

r1{x(u)}dH(S0(u)) +
∫ t

0

r2{x(u)}1(∆x(u) > 0)
| dx(u) |
| ∆x(u) |

+
∫ t

0

r3{x(u)}1(∆x(u) < 0)
| dx(u) |
| ∆x(u) | .

The second and the third terms include the effect of switch-ons and switch-offs (or vice versa),

respectively, on resource usage. If the step-stress has two values, the functions r2 and r3 can be

constants.

11. Degradation models
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Aging process is due to cumulated wear and tiredness. As failure time data can be very rare, an

alternative is to measure some parameters characterizing degradation of the subject (the product)

in time. Then an unit is considered as failed when its degradation (internal wear) reaches a critical

level or when a traumatic event occurs. Intensity of traumatic failures is an increasing function

of degradation value. More about one can see in Lehmann (2004), Meeker and Escobar (1998),

Duchesne (2004), Bagdonavičiusand Nikulin (2004), Couallier (2004), Wendt and Kahle (2004),

Meeker, Doganaskoy, Hahn (2001), etc. Statistical modelling of observed degradation processes

can help to understand different real physical, chemical, medical, biological, physiological or social

degradation processes of aging . Information about real degradation processes help us to construct

degradation models, which permit us to predict the cumulative damage, etc....

Traditionally failure time analysis methods for estimating component reliability record only the

time to failure (for the units that failed) or running time (for units that do not failed). In life testing

of highly reliable components there will be few or no failure, making reliability assessment difficult.

In such situation degradation data in combination with accelerated trials provide considerably more

reliability information that would available from classical censored failure time data. Degradation

models and accelerated degradation or collapsible models were studied by Nelson (1990), Meeker

and Escobar (1998), Kahle and Lehmann (1998), Dushesne and Rosenthal (2003), Lehmann (2004),

Kahle and Wendt (2000), Bagdonavicius and Nikulin (2002), Couallier (2004), Harlamov (2004),

Lawless (2003), Singpurwalla (1995), etc... In degradation models an item is regarded as failed when

degradation reaches a critical level (soft failure) or when a censoring traumatic event occurs, and the

degradation it self is modelled by a stochastical process Z(t) with some properties, depending on

the phenomena in consideration. The degradation process Z(t) can be considered as an additional

time depending covariable, which describes the process of wear or the usage history up to time t.

Suppose that the lifetime of a unit is determined by the degradation process Z(t), and the

moment of its potential traumatic failure is T . Denote by T 0 the moment at which the degradation

attains some critical value z0. Then the moment of the unit’s failure is τ = T 0 ∧ T . To model the

degradation-failure time process, we suppose that the real degradation process is modelled by the

general path model (Meeker and Escobar (1998)) :

Zr(t) = g(t, A),

where A = (A1, . . . , Ar) is a random positive vector, and g is continuously differentiable increasing

in t function. As it was remarked the real degradation process Zr(t) often is not observed, and we
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have to measure (to estimate) it. In this case the observed degradation process Z(t) different from

the real degradation process Zr(t). We supposed that we have the degradation model with noise

according to which the observed degradation process is

Z(t) = Zr(t)U(t), t > 0,

where ln U(t) = V (t) = σW (c(t)), W is the standard Wiener process independent on A, and c

is a specified continuous increasing function, with c(0) = 0. For any t > 0 the median of U(t)

is 1. Using this model it is easy to construct a degradation model with a noise. An important

class of models based on degradation processes was developped recently by Bagdonavicius & Nikulin

(2001,2002, 2004.) They proposed the model in terms of conditional survival function of T given

the real degradation process:

ST (t|A) = P{T > t|g(s,A), 0 ≤ s ≤ t} = exp
{
−

∫ t

0

λ0(s, θ)λ(g(s,A))ds

}
,

where λ is the unknown intensity function, λ0(s, θ) being from parametric family of hazard functions.

The distribution of A is not specified. This model states that the conditional hazard rate λT (t|A) at

the moment t given the degradation g(s,A), 0 ≤ s ≤ t, has the multiplicative form as in the famous

Cox model:

λT (t|A) = λ0(s, θ)λ(g(s,A)).

If for example, λ0(s, θ) = (1 + t)θ or λ0(s, θ) = etθ, then θ = 0 corresponds to the case when the

hazard rate at any moment t is a function of degradation level at this moment. One can note that

in the second model the function λ, characterizing the influence of degradation on the hazard rate,

is nonparametric.

12. Renewal-failure degradation model with competing risk

In this section we consider a new model when we observe joint linear degradation and failure time

data with partial renewals and competing failure modes, see Bagdonavicius, Bikelis, Kazakevicius

and Nikulin (2005).

Let Z(t) be the value of the degradation process at the moment t. We assume that a unit is

renewed when its degradation attains some critical level z0.

For j ≥ 1, let Sj denote the moment of the jth renewal (we assume S1 = 0). Suppose that

degradation is linear in the interval (Sj ;Sj+1] with random degradation rate. Denote by Aj the

inverse to the degradation rate in this interval. Assume that the random variables A1, A2, . . . are
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independent with the cumulative distribution functions π1, π2, . . .. We define the degradation process

model by next relation:

Z(t) = (t− Sj)/Aj for Sj < t ≤ Sj+1, where Sj+1 =
∑j

i=1 Aiz0.

Denote by T (k) (k = 1, . . . , s) the failure time corresponding to the kth competing traumatic failure

mode. We suppose that the random variables T (1), . . . , T (s) are conditionally independent (given

Z(·)). Let T = min (T (1), . . . , T (s)) denote the moment of a traumatic failure. In this case the failure

model is given by formula:

P(T (k) > t, | Z(s), 0 ≤ s ≤ t) = exp{−
∫ t

0

λ(k)
(
Z(s)

)
ds},

λ(k) being a positive function. Set

Λ(k)(z) =
∫ z

0

λ(k)(y)dy, λ(z) =
s∑

k=1

λ(k)(z) Λ(z) =
s∑

k=1

Λ(k)(z).

Set m(t) = j ⇐⇒ t ∈ (Sj ; Sj+1], m = m(T ). The failure occurs in the interval (Sm, Sm+1].

Denote by V the indicator of the failure mode: V = k ⇐⇒ T = T (k).

We are interested also in the probabilities

pj(z) = P(T ≤ Sj + zAj | T > Sj), p
(k)
j (z) = P(T ≤ Sj + zAj , V = k | T > Sj)

that a failure (or a failure of the k mode) occurs before the level of degradation attains the level z

(0 ≤ z ≤ z0) given that a unit had been renewed (j − 1) times (j = 1, 2, . . .).
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1 INTRODUCTION 

This paper is based on the research on ageing of instrumentation and control (I&C) systems and 
components at the Olkiluoto Nuclear Power Plants of Teollisuuden Voima Oy (TVO). The work has 
included evaluation of equipment in service and different analysis and tests performed at VTT Industrial 
Systems.  

A study on ageing of I&C electronic boards was started during the annual outage in 1997. The work has 
also included failure analysis and reliability or type tests at VTT of a wide range of components and 
parts. Studied I&C components include for example electromagnetic relays, electrolytic capacitors, level 
and limit switches, contactors, connectors, position transmitters, Reed-relays etc. A recent study has 
been on the occurrence of zinc whiskers on zinc plated parts in instrument rooms (cable racks, cabinet 
parts). Whiskers have been observed also on zinc plated parts of electromagnetic relays. 

During the 1999 annual outages a follow-up study was started on electromagnetic relays. About twenty 
relays in three instrument rooms in different cabinets were chosen to be inspected and measured during 
the following years at both TVO 1 and TVO 2 plants (altogether about 40 relays, not all of which were 
accessible each year that measurements were made). Later life testing was performed on same relay 
types. 

2 BACKGROUND 

Electromagnetic relays are still extensively used in nuclear power plants built in the middle of the 1970-
ies. They have been proven highly reliable and stabile in instrumentation and control (I&C) equipment. 
Their use conditions are generally benign, temperature may in some cases be high. Ambient temperature 
in the instrument cabinets is often around 35 to 40 °C, but occasionally higher temperatures may exist, 
for example if several relays warm each other. 

3 MOTIVATION 

In the evaluation of ageing processes we need to consider specifically the loss of dependability of I&C 
systems and equipment a relatively long time after installation or after service. One solution is to 
systematically renew I&C at or before the onset of any aging problems.  However, many plant I&C 
installations have not been designed with this option in mind. In any case, there is a strong need to 
evaluate and detect possible ageing effects early. 

One example of aging problems in relays has been the degradation of the spacer material in the relays 
leading to massive change work for energised relays (operating warmer than released ones). 

4 OBJECTIVES 

The purpose of the five year in-service study was to try to detect even minor changes or deterioration in 
the relays. The other part of the study was the life test in accelerated conditions. Its purpose was to in 
advance predict future ageing and also to get an estimate of the remaining useful lifetime for relays that 
had already been in use, some for 10 and several for 25 years. 
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Especially relays where the spacer material was Delrin were evaluated in the life test. This material had 
been observed to degenerate or become brittle if the relay is energised or otherwise in a higher 
temperature. Two relays with Arnite spacers were also put to test for reference (Arnite and Delrin are 
commercial trade names). 

5 METHOD 

5.1 Ageing mechanisms 

In order to choose suitable measurements or design a life test, we need to know, if possible, the 
ageing mechanisms. There are three sub-components of a standard electromagnetic relay which 
may be vulnerable to aging: 

- The relay coil; 
- The relay contacts; and 
- Auxiliary components such as contact spacers, plugs, sockets, time delay devices. 

Ageing of relay coils is primarily a problem in relays which are continually energized.  Excessive heat 
may be generated by the coil or associated components causing the coil to burn out or adversely affect 
other components within the relay or nearby (e.g., chemical breakdown of varnishes causing contact 
contamination, or changes in component dimensions). High-temperature environments can also cause 
organic insulating, relay contact spacers, or the plastic body parts of the relay to become brittle or 
deform.  

An example of contact spacer (“comb” material) degradation found on a relay having been in operation 
for about 20 years can be seen in appendix 1, picture 1. Similar degradation was later found after life 
testing. 

Relay contacts may age due to three main mechanisms: 

- Contact oxidation on Normally Open (NO) contacts, or contacts where the material is 
inadequately specified for the actual duty current.  This can be a problem for both low and 
high currents; 

- Contact welding or pitting due to excessive current (possibly caused by switching of 
inductive loads); 

- Chemical attack e.g., due to the use of high sulphur content rubber components within the 
relay.  Internal ancillary components may deform due to temperature or chemical attack; and 

- Relay contacts in low load (logical) cycles. 

Oxidised relay contacts after life test are shown in figure 2. 

Most relays are rated for a certain number of operations (due to contact wear) and life time is dependant 
on the number of switching cycles. Relays for I&C equipment, however, do not express many state 
changes during normal operation. 

Moisture and external contaminants were neither considered to be a problem in the environmentally 
controlled instrument rooms in this case. 

A different phenomenon was observed on a routine inspection by TVO. Zinc whiskers were found to 
grow from a support structure of some electromagnetic relays, figure 4. Antti Turtola of VTT measured 
the current carrying capability of such whiskers with a carefully constructed micrometer setup, where it 
was possible to make a contact to the end of a whisker growing out of the support part. Two whiskers 
burned at about 12 mA current. Christer Henriksson of TVO reported (11.8.2005, TVO internal report) 
having measured a current of 22 mA at burn out (the whisker was growing from the support part and 
contacted the nearest relay contact). 

The whiskers may, in worst case, cause disturbances by causing momentarily short circuits. The hold 
current of for example RXMM1 relays is about 10 mA (110 V relays) or 23 mA (48 V relays). 
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5.2 Field measurements 

For the follow-up study, about 20 relays were chosen on two nuclear power plants in Finland to be 
measured during outage. Not all of them were accessible during following outages. Relays at both plants 
were measured in 1999 and 2000, and relays at TVO 1 in 2002 and at TVO 2 in 2003 and 2004. The 
conditions in the instrument room cabinets during plant operation are: temperature about 40 °C and 
humidity very low, below 20 % RH (outside the cabinet the temperature was about 21 °C and humidity 
about 50 %).  Relay housing temperature was about 50 °C. The measurements were made in the outside 
cabinet conditions. 

From four to eight contacts per relay (depending on the relay type) were measured. The measured 
parameters included contact resistance (when closed), coil resistance and switching delays when the 
relay was energised and released, measurement setup in figure 4. The waveform with possible switching 
oscillation was also recorded. 

5.3 Life test 

As high temperature was supposed to be the major stress causing ageing, a high temperature life test was 
chosen. Temperature and humidity in the instrument rooms are controlled and are about 21 °C and 50 % 
RH respectively. This means that inside the cabinets, where temperature is on the average about 35 °C, 
the relative humidity is lower, about 22 %. Most of the relays are energised and temperature inside the 
relay cases is about 50 °C which leads to about 10 % relative humidity. Therefore corrosion is not a 
relevant failure mechanism. 

In order to convert the test time to correspond time in normal conditions, the well known Arrhenius 
model can be used. Acceleration factor: 

A = tref/ttest = e[EA/k * (1/Tref - 1/Ttest)] (1) 

where EA is the activation energy of the failure mechanism and k = 8,617 * 10-5 eV/K. 

Activation energies vary depending on the failure mechanism. There is little knowledge about activation 
energies for relay failure mechanisms. Typical mechanisms for semiconductor devices and some 
materials are presented in table 1. 

Table 1. Activation energies /Peck/, /SKI Report 02:4/, /EDN magazine/ 

Activation energy, EA [eV] Device, structure or material Failure mechanism 

[Peck] [EDN mag] 
Semiconductor devices Ionic contamination 1,0 1,0 
Semiconductor devices Dielectric breakdown (TDDB) 0,2 - 0,35 (0,3) 0,3 – 0,5 
Semiconductor devices Hot carrier trapping in oxide -0,06  
Semiconductor devices Charge injection  1,3 
Semiconductor devices Electromigration 0,5 0,6 
Semiconductor devices Contact electromigration 

(Al at sidewall) 
0,9 
0,8 - 1,4 

0,9 

Semiconductor devices Contact metal migration through barrier layer 1,8  
Semiconductor devices Intermetallic defect  0,3 
Semiconductor devices Metallisation defect  0,5 
Semiconductor devices Au-Al intermetallic growth 1,0  
Semiconductor devices Corrosion, electrolytic 0,79 - 0,9 0,45 
Polymers, in general Degradation 0,75 - 1,6  

Epoxy  1,2  
EPR  0,95  
Silicon rubber  0,85  

Also, an experiment in Sweden /TR RKK 84-001/ showed that the degradation of tensile strength of 
relay comb materials “Delrin” and “Arnite” follow a temperature dependency which corresponds to 
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about 1 eV activation energy. Pessimistically (?) 0,8 eV was decided to be used in calculations as it 
seemed based on the step stress test results that aging of the comb material was the major failure 
mechanism. Also, the Swedish report /SKI/ recommends 0,8 eV if there is no better knowledge about 
failure mechanism.  

6 APPLICATION 

Electrical measurements 

Contact resistances, resistance of the coil(s) and delays as the relay was energised (delay 1) and released 
(delay 2) were measured before and after the test and in the intermediate measurements. The time for 
contact oscillations was also measured (∆1 and ∆2 respectively), see appendix 2. 

6.1 Follow-up in the field 

Relays were measured during the annual outage in year 1999, 2000, 2002, 2003 and 2004.  

A summary of the measurement results are presented in the tables of appendix 2. The values are mean 
values for all measured contact pairs. For RK211074-AN all five NO and two NC contacts, for 
RK211188-AN seven NO and RK211189-AN four NO and three NC contacts were measured. A 
summary of the results in appendix 2 is presented in the table below: 

 RK211188-AN 
(all released in 
plant) 

RK211189-AN 
(NO, all ener-
gised in plant) 

RK211189-AN 
(NC) 

RK211049-AN  RK211074-AN 
(NO) 

RK211074-AN 
(NC) 

Delay 1 - + + + -  
∆1 +/- - - +/- +  
Delay 2 +/- + +/- - +/-  
∆2 +/- +/- + +/- +/-  
Contact 
resistance 

++ +/-1) +/-1) +1) +1) +/-1)

Coil resistance 
3)

+/- + + + 

Notes: 

+  minor increase, ++ increased +++ large increase, +/- no significant change, - minor decrease, -- 
decreased -- large decrease 

1) mixed - (RK211189, NO: 2 +, 1 -, NC: 1 +, 2 -, RK211049: 4+, 1 -, RK211074, NO: 3 +, 1 -, NC: 2 +, 
2 -) – for some of the relays this is easily explained based on the actual state of the contact: for an 
open contact there is an increase and for a closed contact decrease 

3) maximum of 10 % change for some relays of the lot 

Contact resistances were always measured first to minimise the effect of switching the relays on/off 
during measurements. However, each year the relays were switched several (20 – 30) times and still 
there was a significant change observed in several contacts (maximum change in the mean value was 
more than 100 % for some relays). 

6.2 Life test 

Step stress test 

In order to reasonably quickly get first results and to choose a safe test temperature for a longer life test, 
a step stress test was made to four RK211049-AN relays. The relays were put to test at following 
temperature and periods: 55 °C for 168 h, 70 °C for 168 h, 100 °C for 242 h, 115 °C for 160 h, 130 °C 
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for 169 h and 140 °C for 169 h. At 150 °C the body and the enclosure of the relays deformed badly and 
the test was stopped. Based on the results, 125 °C seemed suitable for a longer life test - as high as 
possible, but with without introducing non-typical failure mechanisms. Measurement results after each 
step are presented in appendix 3 figures 1 and 2. 

The most sensitive parameter at this stage was shown to be the delay when the relay is released (delay 
2). This parameter started to change at 130 °C and the change was considerable after the test at 140 °C. 
Therefore 125 °C was chosen for the life test. 

Life test 

In 2002 a life test of ASEA RXMA 1 type relays was started and later a test of RXMM 1 relays. The 
RXMA relays were 110 VDC relays being capable of carrying 5 A continuous current (this is when the 
relay is used to control other relays - current signals from transducers on the other hand are only 4 – 20 
mA current signals). The relay types included 15 RK211074-AN, nine RK211129-AN and seven 
RK211049-AN type relays. Three relays were put to test without being energised, all others were 
energised.  

Intermediate measurements were made after 50 h, 100 h and 200h. Due to a mistake in controlling the 
test chamber temperature, the temperature during the first 50 hours was about 130 °C. Eight relays were 
put to test for additional 100 hours at 125°and then for 3288 h at 95 °C together with the RXMM1 relays 
(some relays were at higher temperature as the temperature was not the same all over the closely packed 
racks of relays in the test chamber). 

The RXMA1 relays included following sub-groups: 

1. two relays with Arnite spacers (all other relays were with Delrin), these had been in use for 10 
years on the plant, energised, relays no. 1 and 2 

2. two relays of same type with Delrin spacers, these had been in use for 10 years on the plant, 
relays no. 3 and 4 (energised), and relay no. 25 of different type had also been 10 years in use 

3. one new relay, no. 15 
4. relays that had been in use from the starting of the plants (about 25 years) and removed for life 

testing, relays no. 5 – 14, 16 – 24, 26 - 31, 36-41 
5. relays no. 39 and 40 (as 4.), not energised 

All the relays except no. 39 and 40 were energised in the test. Dummy relays, mostly energised, were 
used to fill the test racks to simulate a full cabinet setup. There is a about five to 10 degrees temperature 
rise within the relay case when the relay is energised depending on the RXMA relay type. For RXMM 
relays the temperature rise is even higher due to the two coils (again depending on the relay type – coil 
resistance and operating voltage).  

RXMA-relay test phases converted to use conditions: 

   Test time converted to 50 °C [h, y] 
   EA = 0,8 eV EA = 1 e V EA = 0,8 eV EA = 1 eV 
Phase Temperature [°C] Time [h] [h] [h] [y] [y] 
1 130 50 15030 62584 2 7 
2 125 50 11253 43587 1 5 
3 125 100 22506 87173 3 10 
4 125 100 22506 87173 3 10 
5 95 3288 110503 266063 13 21 
 Total 3588 181798 546580 22 53 

Temperatures during last phase: relays 1-4, about 101-107 °C, relay 6, about 95-100 °C, relay 13, about 
100-107 °C, relay 15, about 93 °C and relays 39-40, about 93-99 °C. 

For all relays, some contact resistances increased from the tens of milliohms range to ohms. Relay 13 
did not function at all (coil failure). During the first 200 hour test 11 relays out of 28 had one or few 
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contacts that stuck to either state (closed or open – not always in the position where it had been during 
test). A preliminary failure analysis pointed to that the spacers had changed shape or curved limiting 
their movement.  

Spacers of Arnite did not show colour changes  or deformation compared to Delrin spacers. 

The RXMM1 relays included 24 V (three RK214003-AD and three RK214005-AD relays), 110 V (three 
RK214003-AN relays) and 48 V relays (two RK214002-AD relays). The test time was 3288 h. The 
measurement results are presented in appendix 3. The contact resistance of some contacts of the 48 V 
relays was observed. This may be assigned to some impurities found on the contacts. 

7 DISCUSSION OF RESULTS 

The follow-up measurements showed very little changes during five years. The contact resistance of 
some individual contacts had risen, but even these values are not detrimental to operation. Some small 
changes could be seen in the delay waveforms (+contact oscillations) but no major timing changes. This 
means that there are no major problems in relay operation to be expected very soon. Contact resistances 
should be checked every few years. 

The step stress points to that it takes at least ten years for any significant changes to happen (assuming 
0,8 eV activation energy). The delay time when the relay is released increases. However, there were only 
four relays in the step stress test. Assuming 1 eV would lead to even a longer time. 

The life test showed that relays that have been in use for about 25 years may start failing after about five 
to 10 years (again, assuming 0,8 eV - for spacer problems more likely 1 eV should be used and the time 
would be longer). Some individual relay contacts were stuck in either position (supposedly due to 
deformed comb material, their movement had become sticky). Together with these ageing mechanisms 
can be seen also a change in switching waveforms. The delay as the relay is released after being 
energised increases at this phase. The contact oscillations also become more obvious (see for example 
figures in appendix 4). 

The uncertainty in the results lies in the temperature of the life test, which may have been too high 
(especially the first 50 h in the test of the RXMA relays). Also the assumption of the activation energy 
and the relevant failure mechanisms has a great effect on the extrapolation of the results to use 
conditions. The relays in the cabinets are also very closely packed and it was almost impossible to get 
create an even temperature distribution during test.  

Further life testing and more detailed failure analysis of the observed failures would be useful. 
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Appendix 1 Photographs of relays 1 (2) 

     

Picture 1. Degradation of relay spacer material 
(relay from plant, RXMA 2, RK 
211189-AN). 

Picture 2. Similar behaviour in life test (relay no 
13, TXMA 1RK211188-AN). 

  

Picture 3. Oxidised relay contacts. Picture 4. Test setup for step stress test. 

   

Picture 5. Whiskers grown on the zinc plated end 
plate of the relay.  

Picture 6. Whisker on another relay. 



Appendix 1 Photographs of relays 2 (2) 

  

Picture 6. Contact 18 of relay X10 (SEM). Picture 7. A detail of contact 18 (SEM). 

 

Picture 8. Contact 18 of relay X10. Notice the darkening in the edge areas. 



Appendix 2 Measurement results, TVO plants 1 (5) 

Following parameters were measured: contact resistance for all contact pairs, coil resistance (using a milliohm 
meter and a multimeter respectively),  switching parameters using the setup in figure 4. Short pulses (0,2 s) were 
fed to the MOSFET to drive the relay on and then release it. A voltage divider is connected to the relay switching 
contacts (1 volt to the other contact and 0,5 V to the moving contact). Then a waveform in figure 2 and 3 is 
produced. 
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Figure 1. Relay measurement setup. Figure 2. Output waveform, delays and the 

time for contact oscillation (∆) 

Delay ∆

 

Figure 3. Practical output waveform. The lower picture has been zoomed from the upper complete 
waveform to show details. The waveform is captured from the triggering edge of the driving 
pulse. 
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Summary of measurement results is presented in the following tables.  NO = normally open contact, NC 
= normally closed contact. The timing values and contact resistances are mean values of measured 
contact pairs. 

Relay type RK211188-AN, normally open contacts: 

Year Relay code Delay1*),  
∆[ms] 

Delay 2*),  
∆[ms] 

Coil resis-
tance [kΩ] 

Contact resis-
tance [mΩ] 

Origin Condition

1999 22,5 1,3 18,7 3,7 4,06 40,6 
2004 

RE17.D2.125 
21,1 2,9 19,6 3,8 4,07 90,0 

Original Released 

1999 21,7 1,7 16,7 9,9 3,90 40,1 
2004 

RE17.D17.325 
20,2 2,3 18,4 10,3 3,88 60,0 

Original Released 

1999 21,2 2,4 17,1 7,0 4,04 33,7 
2003 

RS17.D2.113 
21,9 2,6 19,0 8,0 4,07 36,9 

Original Released 

1999 21,8 1,4 20,7 5,9 4,02 35,3 
2004 

RS17.D17.125 
20,2 1,6 19,7 7,1 4,04 43,8 

Original Released 

1999 22,3 1,1 24,2 4,3 3,95 42,0 
2004 

RS18.D22.149 
20,8 1,2 22,8 4,6 3,93 61,7 

Original Released 

(Original: in use from the start of the plant, OL 1, 1977-) 
RK211188-AN, normally open contacts
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Figure 4. Delay time and time for contact oscillations for RK211188-AN relays. 

Relay type RK211189-AN 

Year Relay code Delay1*),  
∆[ms] 

Delay 2*),  
∆[ms] 

Coil resis-
tance [kΩ]

Contact resis-
tance [mΩ] 

Origin 
(A = Arnite) 

Condition

RQ3.D2.301, NO 31,0 0,9 24,2 3,8 6,14 39,7 1999 
 NC 20,7 2,1 36,5 13,7  65,3 
 NO 32,6 0,8 25,8 3,7 6,81 41,3 2003 
 NC 21,1 4,6 38,0 14,7  69,3 

A92/952/9137
 
 

Energised 

RQ3.D2.313, NO 31,0 5,5 24,5 1,1 6,20 62,2 1999 
 NC 19,2 2,4 41,3 7,2  99,9 
 NO 36,8 7,5 27,3 0,1 6,95 69,9 2003 
 NC 19,1 4,5 36,5 20,1  50,3 

A92/977/9137 Energised 

RQ3.D7.349,  NO 33,4 9,3 18,0 1,7 6,12 41,7 1999 
 NC 19,8 5,1 29,2 17,8  42,2 
 NO 34,5 0,9 20,8 0,1 6,20 35,0 2003 
 NC 25,8 0,3 30,2 14,4  34,9 

A92/986/9137 Energised 



Appendix 2 Measurement results, TVO plants 3 (5) 
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Figure 5. Delay time and time for contact oscillations for RK211189-AN relays. 

 
Relay type RK211049-AN, NO contacts 
Year Relay code Delay1*),  

∆[ms] 
Delay 2*),  
∆[ms] 

Coil resis-
tance 
[kΩ] 

Contact 
resistance 

[mΩ] 

Origin Condition

1999 27,5 5,7 84,3 0,2 9,81 34,6 
2003 

NXA105.D2.519.107 
22,4 3,4 90,7 2,4 11,01 66,4 

Original  

1999 27,9 1,5 73,2 0,1 9,47 32,3 
2003 

NXA206.D2.519.107 
25,3 1,7 89,9 0 10,74 38,2 

Original  

1999 29,9 5,5 73,1 0,1 9,9 29,5 
2003 

NXA206.D15.519.107 
25,1 4,2 82,5 7,8 10,31 35,7 

Original  

1999 29,6 4,3 69,5 0,1 9,74 29,2 
2003 

NXA305.D2.519.107 
21,3 0,5 86,1 0 10,79 33,6 

Original  

1999 23,3 3,3 85,7 7,4 9,86 57,5 
2003 

NXA406.D2.519.107 
27,7 5,2 78,4 0 9,912 32,7 

Original  

RK211049-AN, normally open contacts
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Figure 6. Delay time and time for contact oscillations for RK211049-AN relays. 



Appendix 2 Measurement results, TVO plants 4 (5) 
Relay type RK211 074-AN: 

Year Relay code Delay1*),  
∆[ms] 

Delay 2*),  
∆[ms] 

Coil resis-
tance [kΩ]

Contact resis-
tance [mΩ] 

Origin Condition

QB7.D27.113, NO 29,4 2,5 52,4 3,2 49,9 1999 
 NC 26,8 0,1 41,0 0,0 

9,64 
34,1 

 NO 28,2 2,9 53,9 1,8 102,9 2004 
 NC 23,2 0,1 69,2 0,8 

9,62 
42,8 

Original Released 

QB7.D27.119, NO 31,3 0,8 47,0 0,2 33,0 1999 
 NC 22,6 0,1 65,3 1,5 

9,41 
35,5 

  NO 30,7 1,6 49,2 0,1 89,8 2004 
 NC 21,7 0,0 68,3 4,7 

9,39 
32,9 

Original Released 

RA15.D32.149, NO 23,7 2,8 69,5 8,1 38,0 1999 
 NC 16,2 3,7 93,0 6,1 

9,59 
55,9 

 NO 22,5 5,6 66,4 8,0 58,0 2004 
 NC 12,3 6,7 93,0 3,7 

10,66 
47,8 

A91/517/ 
9106 
(A = 

Arnite) 

Energised 

RA15.D32.349, NO 28,7 0,5 60,2 8,2 40,6 1999 
 NC 17,3 0,7 97,2 6,9 

9,38 
44,4 

 NO 27,0 0,9 59,5 8,2 35,5 2004 
 NC 17,4 0,3 96,3 12,6

10,28 
51,5 

A91/513/ 
9049 
(A = 

Arnite) 

Energised 

RK211074-AN, normally open contacts
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RK211074-AN, normally closed contacts
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Figure 7. Delay time and time for contact oscillations for RK211074-AN relays. 



Appendix 2 Measurement results, TVO plants 5 (5) 
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Figure 8. Contact resistances. 
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Figure 9. Coil resistances 



Appendix 3 Measurement results, life test 1 (8) 

Step stress test 

Typical results after the step stress test for one relay of type RXMA1 RK211074-AN are shown in the following 
picture: 

Step stress, relay no 32
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Figure 1. Step stress test results for one relay, delay as the relay is energised (Delay 1) and released (Delay 2) and 

respective times for oscillation (∆1 and ∆2), R is the contact resistance. 
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Figure 2. Coil resistances in step stress test. 



Appendix 3 Measurement results, life test 2 (8) 
RXMA1 relays 

In the following tables, few typical examples are given. Relay no. 1 is with Arnite spacers and relay no. 
4 with Delrin spacers. The values in the tables are mean values for all the contact pairs of the relay in 
question. Note also that as all relays except relays no. 39 and 40 were energised, No contacts were 
closed and NC contacts open in test. 

Spacer material: Arnite (10 years in plant , energised) Relay no 1 
RK211074-AN  Normally open contacts (five per relay) Normally closed contacts (two per relay) 

Time in test [h] Delay 1 ∆1 Delay 2 ∆2 Delay 1 ∆1 Delay 2 ∆2 

0 24,3 2,9 55,0 12,3 12,4 8 83,1 30 

200 15,3 5,5 101,9 13,9 10,6 0,8 150,1 14,8 

300 14,7 7,9 104,1 12,7 10,8 0,2 158,9 14,8 

3788 14,3 28,8 76,9 53,0 10,0 0,7 170,5 17,5 

  Contact resistances, mean value[mΩ] Coil [kΩ] 
 Normally open contacts  Normally closed contacts   

0 49,0 1130,0 9,657 
200 106,2 115,0 9,713 
300 118,6 705,5 9,534 
3788 540,0  1994,5  9,531 

Relay no 1. Normally open contacts (closed in test)
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Relay no 1. Normally closed contacts (open in test)
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Figure 3 Relay no. 1, delays and time for contact oscillations of NO and NC contacts (relay energised -> NO 
contacts closed in test and NC contacts open). 



Appendix 3 Measurement results, life test 3 (8) 

Spacer material: Delrin  (10 years in plant, energised) Relay no 4 
RK211074-AN  Normally open contacts (five per relay) Normally closed contacts (two per relay) 

Time in test [h] Delay 1 ∆1 Delay 2 ∆2 Delay 1 ∆1 Delay 2 ∆2 

0 30,3 0,5 57,3 5,5 21,2 5,2 72,3 5 

200 17,5 14,7 103,5 8,4 14,9 0,1 137,9 4,9 

300 16,5 18,0 113,5 7,9 14,7 0 155 1,6 

3588 15,2 9,5 117,0 20,4 14,7 4,8 140,9 19 

  Contact resistances, mean [mΩ] Coil [kΩ] 
 Normally open contacts Normally closed contacts  

0 33,3 116,0 9,549 
200 38,8 39,5 9,565 
300 53,6 129,5 9,467 
3588 77,0 2150,0 9,424 

Relay no 4. Normally open contacts (closed in test)
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Relay no 4. Normally closed contacts (open in test)
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Figure 4. Relay no. 4, delay and time for contact oscillations. 



Appendix 3 Measurement results, life test 4 (8) 

Spacer material: Delrin, original (25 years in plant, released) Relay no 6 
RK211074-AN  Normally open contacts (five per relay) Normally closed contacts (two per relay) 

Time in test [h] Delay 1 ∆1 Delay 2 ∆2 Delay 1 ∆1 Delay 2 ∆2 

0 37,0 2,3 47,3 0,0 25,5 0,0 58,5 0,0 

200 23,5 9,1 89,9 1,3 11,8 0,7 124,8 0,0 

300 21,5 11,4 106,4 1,6 11,2 0,6 149,5 0,0 

3588 19,8 14,6 109,4 4,3 9,4 0,6 166,0 0,0 

  Contact resistance, mean [mΩ] Coil resistance [kΩ] 
 Normally open contacts Normally closed contacts  

0 41,8 40,3 9,731 
200 35,4 31,5 9,752 
300 47,0 531,5 9,654 

3588 176,6 3550,0 9,599 

Relay no 6. Normally open contacts (closed in test)
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Relay no 6. Normally closed contacts (open in test)
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Relay no. 6, contact and coil resistances
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Figure 5. Relay no. 6, delay and time for contact oscillations, contact and coil resistances.  



Appendix 3 Measurement results, life test 5 (8) 

Relay no 15, RK211188-AN new from stock, date code 9811): 

Time [h] Delay 1 ∆1 Delay 2 ∆2 Contact resistance [mΩ] Coil resistance [kΩ]
0 32,7 4,1 14,3 8,2 30,1 5,895 

200 15,4 8,1 90,0 1,5 26,5 5,890 
300 14,4 10,5 93,5 4,9 36,3 5,926 

3588 14,2 17,7 86,0 13,5 83,6 5,926 

Relay no 15. Normally open contacts (closed in test)
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Figure 6. Relay no. 15, Delay and time for contact oscillations [ms], contact resistance and coil 
resistance [mΩ, kΩ]. 

Relay no 40, RK211049-AN (25 years, state in plant not known): 

Time [h] Delay 1 ∆1 Delay 2 ∆2 Contact resistance [mΩ] Coil resistance [kΩ]
0 18,7 4,4 95,1 15,0 103,8 9,651 

200 16,0 15,5 102,3 14,1 132,5 9,684 
300 15,2 15,3 94,4 33,6 661,0 9,671 

3588 15,4 22,8 87,1 71,2 23,8 9,514 

Rele nro 40. Normally open contacts (open in test)

0,0

20,0

40,0

60,0

80,0

100,0

120,0

0 200 300 3588

Time in test [h]

D
el

ay
 a

nd
 ti

m
e 

fo
r c

on
ta

ct
 o

sc
ill

at
io

ns
 [m

s]

Delay 1
∆1
Delay 2
∆2

 

Figure 7. Relay no 40, Delay and time for contact oscillations. 



Appendix 3 Measurement results, life test 6 (8) 
RXMM 1 relays 

The relays were measured before and after the life test. A summary of average measured values for the 
relays is presented in the following table: 

  Coil 11-12 Coil 21-22     
Relay no, 
time Delay 1 ∆ Delay 2 ∆ Delay 1 ∆ Delay 2 ∆ R [mΩ] Rcoil [kΩ] 

X1, 0 h 14,7 12,2 27,7 2,4 20,3 7,3 23,7 0,1 30,6 0,477 
X1, 3288 h 12,3 12,7 37,7 9 13,3 12,9 30,3 7,9 34,4 0,476 
X2, 0 h 14,1 12,8 38,3 0,1 19 15,1 31,1 0 33,3 0,475 
X2, 3288 h 12,5 9,2 47,3 3,2 11,7 20,2 37,5 9,5 33 0,475 
X7, 0 h 18,2 6,7 42,2 3,7 24,5 4,3 30 7,4 27,3 0,45 
X7, 3288 h 11,8 7,1 50,5 17,1 17,8 3 38,1 69,7 50,3 0,447 
X8, 0 h 18,7 6,1 30,7 8,2 17,8 7,9 32,4 6,4 26,4 0,427 
X8, 3288 h 16,7 7,2 39 14,6 14,2 8 39,8 18 82 0,425 
X9, 0 h 20,5 10,1 30,4 7,8 16,9 10,1 31,7 7,1 26,5 0,438 
X9, 3288 h 20 5,6 32,3 8,5 17,5 7,2 35 8,3 32 0,435 
mean, 0 h 17,2 9,6 33,9 4,4 19,7 8,9 29,8 4,2 28,8 0,453 
mean 3288 h 14,7 8,4 41,4 10,5 14,9 10,3 36,1 22,7 46,3 0,452 
X3, 0 h 17,8 1,2 27,2 0,1 18,7 10,8 23,1 0,2 28 10,96 
X3, 3288 h 10,2 13,5 38,1 3,5 9,7 18,2 36,9 14,5 41,4 10,937 
X4, 0 h 14,3 2,5 23,4 0,1 18,2 7 24,5 0,1 27 10,66 
X4, 3288 h 13 11,9 33,6 8,3 10,7 4,4 42,4 8,4 46,9 10,615 
X5, 0 h 16,3 4,7 27,2 0,1 21 2,2 19,4 0,1 26,4 10,57 
X5, 3288 h 11 10,8 32,1 2,9 13,6 13,4 23,6 8 37,7 10,536 
mean, 0 h 16,1 2,8 25,9 0,1 19,3 6,7 22,3 0,1 27,1 10,730 
mean 3288 h 11,4 12,1 34,6 4,9 11,3 12,0 34,3 10,3 42,0 10,696 
X10, 0 h 16,9 20,3 36,7 13,9 10,9 20,1 50,3 15,6 27,6 2,068 
X10, 3288 h 10,8 20,5 46,1 27,7 10,4 12,5 67,7 28,8 1996,5 2,082 
X11, 0 h 10,9 20,1 55 13,5 9,7 24,8 35,2 12,2 30,2 2,086 
X11, 3288 h 9,9 17,3 67,5 17,2 7,7 22,4 48,5 28,6 266,5 2,082 

mean, 0 h 13,9 20,2 45,9 13,7 10,3 22,5 42,8 13,9 28,9 
 

2,077 
mean 3288 h 10,4 18,9 56,8 22,5 9,1 17,5 58,1 28,7 1131,5 2,082 
 
These results are shown also in the graphs on the next page. In the chart legend the series for coil 11-12 
come first (Delay 1, ∆1, Delay 2 and ∆2). R coil is the mean value for the two coils. 
 
Relay X10 had three NC contacts (open in test) whose contact resistance had increased considerably 
(25…27 mΩ -> 2…7 Ω) and relay X11 had one (30 mΩ -> 1,5 Ω). The contacts had changed darker, 
slightly yellowish pointing to sulphur. The contact plating is silver. Failure analysis using scanning 
electron microscope and energy dispersive X-ray spectroscopy (SEM/EDS) did not however show signs 
of sulphur (at 25 kV – at a lower accelerating voltage a thin layer could have been detected). Other 
impurities were found: zinc and chloride (few small particles), some copper (from underlying base 
material - thin plating?), calcium, iron, carbon and oxygen (these two latter are present in all samples – 
good of bad). 
 
At the bottom of the X10 and X11 relays there was a lot of dust, but not visible inside the relays. 



Appendix 3 Measurement results, life test 7 (8) 

The only relay that was not energised was X9 and its measurement values changed accordingly very 
little (see table above and figures 11 and 12). The increase of contact resistance was considerable for X8 
situating next to X9 in the test chamber, especially for NC contacts (open in test). 
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Figure 8. Average values of five 24 Vdc RXMM type relays (including mostly normally open and 

normally closed contacts). Test temperature 95 – 100 °C, four of the relays energised. 
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Figure 9. Average values of three 110 Vdc RXMM type relays (normally open contacts). Test 

temperature about 125 °C, relays energised. 
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Appendix 3 Measurement results, life test 8 (8) 

Figure 10. Average values of two 48 Vdc RXMM type relays (including normally open and normally 
closed contacts). Test temperature about 100 °C, relays energised. 
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Figure 11.  Measurement results for relay X8 (energised in test). 
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Figure 12.  Measurement results for relay X9 (released in test)). 



Appendix 4 Measurement results, oscilloscope waveforms 1 (9) 

Follow-up study in the plant 

 

     

d) 2004 

Figure 1. Output voltage waveforms for relay RK 21 188-AN (RE17.D2.125), as the relay is energised 
(on the left) and released (on the right), normally open contacts 128-217, kärkiväli 128-217. 
Note the differences in scales, different oscilloscope was used in 1999-2000 than in 2003-
2004. Contact resistance changed from 39,3 mΩ to 48,6 mΩ from 1999 to 2004. 



Appendix 4 Measurement results, oscilloscope waveforms 2 (9) 

 

          

b) v.2004 

Figure 2. Output voltage waveforms for relay RK 211 074-AN (RA15.D32.349), as the relay is 
energised (on the left) and released (on the right), normally closed contacts 27-26 (energised 
in plant). Contact resistance changed from 52,8 mΩ to 55,1 mΩ from 1999 to 2004. 



Appendix 4 Measurement results, oscilloscope waveforms 3 (9) 

 

Figure 3. Output voltage waveforms for relay RK 211 189-AN (RQ3.D2.313), normally open contacts 
112-111 (energised in plant). Contact resistance changed from 56,9 mΩ to 88,1 mΩ from 
1999 to 2003. 



Appendix 4 Measurement results, oscilloscope waveforms 4 (9) 

 

          

v. 2004 

Figure 4. Output voltage waveforms for relay RK 211 074-AN (QB7.D27.113), normally closed 
contacts 17-16 (released in plant). Contact resistance changed from 32,3 mΩ to 41,6 mΩ from 
1999 to 2004. 



Appendix 4 Measurement results, oscilloscope waveforms 5 (9) 

 RXMA 1 relays, life test 

  
Relay no. 1, 0 h RK211074-AN (1.RR15.D2.143) NO contacts 28-12 (closed in test). 

  
Relay no. 1, 3588 h, RK211074-AN (1.RR15.D2.143). Contact resistance changed from 39 mΩ to 65 
mΩ. 

  
Relay no. 4, 0 h, RK211074-AN (1.RR15.D7.307) NC contacts 27-26 (open in test). 

  

Relay no. 4, 3588 h, RK211074-AN (1.RR15.D7.307). Contact resistance: 200mΩ -> 3300 mΩ. 



Appendix 4 Measurement results, oscilloscope waveforms 6 (9) 

  

Relay no 6, 0 h, RK211074-AN (1.RR15.D7.131), normally open contacts no. 15-14 (closed in test). 

  

Relay no 6, 3588 h, RK211074-AN (1.RR15.D7.131).  Contact resistance: 40mΩ -> 280 mΩ. 

  

Relay no. 15, 0 h, RK211188-AN (from stock), normally open contacts 113-114 (closed in test). 

  

Relay no. 15, 3588 h, RK211188-AN.  Contact resistance: 28 mΩ -> 82 mΩ. 



Appendix 4 Measurement results, oscilloscope waveforms 7 (9) 

  

Relay no. 40, 0 h, RK211049-AN, normally open contacts 25-24 (open also in test). 

  

Relay no. 40, 3588 h, RK211049-AN.  Contact resistance: 43mΩ -> 40 mΩ (mean value for this relay 
changed from 103,8 mΩ to 23,8 mΩ). 



Appendix 4 Measurement results, oscilloscope waveforms 8 (9) 

RXMM1 Relays, life test 

   

Relay no X1, RK 214003-AD (16-15), before test, 
when energised 

Relay no X1, RK 214003-AD (16-15), after test, 
when energised. 

   

Relay nro X1, RK 214003-AD (16-15), before 
test, when released. 

Relay no X1, RK 214003-AD (16-15), after test, 
when released. 

   

Relay no X3, RK214003-AN (28-27), before test, 
relay energised. 

Relay no X3, RK214003-AN (28-27), after test, 
energised. 

 



Appendix 4 Measurement results, oscilloscope waveforms 9 (9) 

   

Relay no X10, RK214002-AD (23-24-25), before 
test, energised. 

Relay no X10, RK214002-AD (23-24-25), after 
test, energised. 
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in 

Power Plant Superheaters 
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The development of rules for an expert system, intended to assist with the diagnosis of failure 
mechanisms and identification of the root cause of failures, has exposed a significant problem in the 
treatment and interpretation of various forms of evidence. Although the work is directed to the 
analysis of failures in power plant superheaters it is considered that the approach is generic and can be 
helpful in the other fields where various pieces of evidence have to be put together to build up a 
meaningful case about a specific course of action.  
 
The need for a more rational approach to failure investigation has been a result of the changes in the 
structure of the power plant market. The power industry now relies on a small number of very big 
plants. Furthermore, the power industry is now highly fragmented, with many companies owning just 
a small number of power plants. This and other changes have led to the break up of national teams of 
failure investigators and the possibility for individuals and groups of individuals to gain experience 
with failure investigation. Expert systems can help fill gaps in knowledge and experience provided 
they are easy to construct, use and modify.  
 
The use of new materials for superheater construction such as P91 alloys also gives point for the need 
for a more rational approach to the investigation of superheater failures. These alloys do not show the 
same ageing phenomena as the older materials. There are also concerns that the service life of these 
materials has been overestimated and that oxidation problems, especially under high heat transfer 
conditions, as is experienced in power plant superheaters, will have significant but indeterminate effect 
on  component life. This makes diagnosis more difficult and rules have been formulated for the expert 
system under development to assist with this.     
 
However, experienced failure investigators normally have few problems in using evidence from a 
variety of different sources to diagnose and identify the mechanisms and causes of failures in 
superheaters. An expert is able to do this as he or she is able to give due weight to the various pieces 
of evidence that are used. The evidence will come initially from visual observations of the failure and 
failure site, plant operational records, information from plant personnel, operating experience on other 
plants, and later on from detailed laboratory work related to the examination and analysis of the 
failure. The latter may include metallographic, stress analysis, and heat transfer assessments. 
 
A major difficulty with expert systems is that they use IF...THEN type rules of a yes or no type. Much 
of the evidence which a failure investigator uses is much less determinate, that is the reliability of 
evidence falls into the following  qualitative categories:      
 

Impossible         Improbable             Possible          Probable          Almost _Certain            
 

                     Certain 
 
These sets of adjectives and adjectival phrases can be incorporated into IF…THEN rules to   express 
the degree of confidence in evidence or conclusions. In many cases, when using single pieces of 
evidence these phrases are quite satisfactory in themselves. Where evidence of different types needs to 
be brought together, the adjectival phrases need to quantified as far as possible. For this purpose a 
Bayesian approach has been used. 
 



Bayesian techniques are normally used in probabilistic analysis, and therefore rely very heavily on 
good statistical information. Expert systems are constructed, to a very large degree, using heuristic 
rules, that is rules of a qualitative or semi-quantitative type. Such rules need to be formulated by 
experts in the field. The formulation of such rules becomes more problematic in failure investigation, 
where the evidence which is used is of different types. The issue therefore is how to convert such 
information into quantitative data so that it can be used in Bayesian type expressions. The nearest 
equivalent comes from heuristic type rules in expert systems used in the diagnosis of illness. In our 
case, after due consideration of how an expert might quantify the adjectival phrases listed above, the 
following quantification has been made: 
 
 
                                Table 1: Quantification of Reliability of Evidence 
 

Adjectival Reliability 
of  

Evidence  

Probability 
of  

Evidence Being Correct  
Impossible 0.1% 
Improbable 2 % 

Possible 10% 
Probable 60% 

Almost Certain 90% 
Certain 99% 

 
This classification is used in the initial assessment of what the mechanism of failure might be and then 
in the quantitative manipulation of, in this case, laboratory evidence, which is used to either support or 
contradict the initial assessment. 
 
The expert system will incorporate guidelines and other information to assist the investigator in 
making the appropriate classification in the initial, mainly visually based, assessment.  For a creep 
failure, the guidelines are shown in Table 2. 
 
 

Table 2: Quantification of Reliability of Conclusions in Visual Assessment of Creep Failures 
 
 
Category Probability 

of 
Reliability 

Appearance 

Possible 10% Possible fissuring associated with crack. Marked bulging of tube away 
from crack possibly indicating general overheating, rather than creep. 
Some thinning of tube, greater than 50% of wall 

Probable 60% Main crack longitudinal crack surrounded with fissures. Bulging of tube in 
area of cracking, may be low. Some evidence of wastage due to fireside 
corrosion or erosion. As bulging is greater than 10% possibility of 
overheating should not be excluded 

Almost Certain 90% Fairly narrow main crack longitudinal crack surrounded with fissures. 
Crack position faces hottest flue gas or radiation source. Some mild 
bulging of tube in area of cracking and away from this. Significant simple 
oxidation but no serious wastage. Plant has reached significant proportion  
of over 70% of its life based on operating hours 

Certain 99% Fairly narrow main crack longitudinal crack surrounded with fissures. 
Crack position faces hottest flue gas or radiation source. Some mild 
bulging of tube in area of cracking. No significant wastage. Plant close to 
end or beyond end of life based on Larson Miller parameter estimates from 
operating temperature and hours of service  

   



 
In practice the reliability of the initial visual assessment will range between “probable” and “almost 
certain”. If the initial assessment is that the probability of a creep failure being lower than “probable” 
as mechanism, the investigators should consider other possible mechanism of failure. 
 
Having decided how reliable is the visual assessment, this is tested against the laboratory evidence, 
using the Bayes’ equations. Here this initial visual evidence basically works as a frequency term 
“P(F)” in probabilistic theory. If the visual evidence is poor this would represent an event of low 
probability and hence in Bayesian logic, the laboratory and backroom findings would have to be 
absolutely overwhelming for the conclusions about the mechanism to be altered. Table 3* shows the 
more practical situation in which the initial visual evidence has a reasonable probability of being 
correct. However, it will be seen from Table 3 that unless the initial visual evidence is reasonably 
good, above 0.7, the laboratory evidence would have to be of a good standard  before one could be 
certain that the failure was caused by a given mechanism.          
 

Table 3: Impact of Reliability of Laboratory Evidence on Failure Assessment 
 
 
Adjectival Reliability 

of  
Evidence  

Probability 
of  

Lab Evidence  
Being Correct   

Lab Evidence 
Points to Mechanism

 
(Visual Evidence= 0.7) 

Lab Evidence 
Points to Mechanism 
 
(Visual Evidence=0.9) 

Impossible 0.1% 0.2% 0.9% 
Improbable 2 % 2.3% 8.3% 

Possible 10% 20.5% 50.0%. 
Probable 60% 77.8% 93.1% 

Almost Certain 90% 95.5% 98.7% 
Certain 99% 99.6% 99.9% 

 
 

* The table was constructed using an equation of the type: 
 

                            P(F|E) = [P(E|F).P(F) ]       
                                                   [P(E|F).P(F) + [1-P (E│F) ] . [1-P(F)] 
 
 
 

 P (E|F) = Probability with which this type of evidence is normally  
associated with this type failure mechanism  

 
 P (F) = Probability of the failure mechanism being that which  

caused the failure 
 

 P (E) = Probability that this type of evidence comes to light in the  
course of investigations.  

 
 
As noted the laboratory evidence will be of different types, some of which is more important than 
others. Accordingly, each type is given a different weighting factor which indicates how well this 
supports, in this case, a creep failure mechanism. See Table 3. Here again the weighting factors were 
given after due consideration of their importance.  



  .  
Table 3: Weighting Factors for Evidence Used in Assessing 

Whether Creep in Superheater Tubes has Occurred 
 

 
 Evidence Weighting Factor 

Spheroidisation 0.4 
Cavitation 0.7 
Larson-Miller Calculations 0.5 –0.8 
Tube Swelling 0.2 
Steamside Oxidation 0.1 

 
 
 
 

 
 

 
 

Each of these weighting factors is assessed in terms of how strong is the evidence in the following 
manner 

 
 [Weighting Factor for Evidence]  X  [Reliability of Conclusions]  

  
 
The weighting factor multiplied by the reliability of conclusions are added together and then used in 
the same type of Bayes equation that was used to formulate Table 3. They are equivalent to a term  
P (E│F), which shows how strongly they would be likely to occur in conjunction with a given failure 
mechanism. 
 
It is considered that this pragmatic approach to the manipulation of evidence, in which an initial 
hypothesis is formulated, and then tested against more in depth evidence, could be applied to a wide 
number of types of failure investigations and possibly in related fields where evidence has to be 
weighed up. The merit of this work is that the approach is not difficult to understand. It therefore 
becomes possible for experts to discuss how important is each piece of evidence in helping to decide 
what is the mechanism of failure. 
 
F.Starr 
 
19th Sept  2005 
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