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1 INTRODUCTION

In this paper, we summarise a study [ 1 ] on statistical models for the evaluation of the
reliability of non-destructive tests. The research project was conducted at VTT
Automation as part of the Nordic Nuclear Safety Research Programme (NKS) and the
Finnish Nuclear Power Plant Structural Safety Research Programme (RATU2). The
study was ordered and supported by the Finnish Centre for Radiation and Nuclear
Safety (STUK).

The reliability of ultrasonic inspections depends on several factors, such as the type,
size and orientation of the defect, geometrical restrictions (inaccessibility) in
scanning, human factors, inspection procedure and equipment, among others. The
reliability of inspections has been studied in e.g. international PISC (Programme for
the Inspection of Steel Components) exercises [2-4], which have produced a large
amount of information on the effect of various factors on the reliability of inspections.
This information can be utilised in a most effective way by applying mathematical
models.

We present probability models for the uncertainty in the flaw size determination, and
the flaw detection. Furthermore, we summarise the Bayesian updating of flaw size
distributions, where the measurement uncertainty is consistently taken into account in
expressing the flaw size. In order to demonstrate the use of inspection reliability
models, they have been applied to the inspection results of intergranular stress
corrosion cracking (IGSCC) type flaws in PISC m exercise [4]. In PISC m study,
flaws were introduced in assemblies which where then inspected by 23 teams from 10
countries between 1990 - 1992. The participating teams were free to apply any
inspection procedure they wanted and there were no requirements for the inspection
environment or inspection time A very detailed destructive testing of the assemblies
was conducted in order to obtain the reference flaws.

2 PROBABILITY MODELS FOR FLAW SIZING

Inspection reliability studies such as PISC exercises produce information on sizing
accuracy of known flaw sizes. The data consisting of measured flaw sizes and
corresponding true flaw sizes are analysed statistically with respect to suitable
statistical or probability models. Often the simplest form of the statistical models is a
linear or linearised regression to the measured versus true size data.



2.1 Lognormal model

In analyses of sizing data, a linear relation between the logarithm of measured relative
flaw size and the logarithm of the actual relative flaw size, with normally distributed
deviations has proved satisfactory [5]. Furthermore, the use of lognormal distribution
is mathematically convenient, and the parameters of the corresponding regression
model can be interpreted also physically. In the following we use flaw depth, a, to
characterise the flaw size. The thickness of the pipe wall is denoted by d.

In the lognormal model, the measured relative flaw size, a/d, is related to the true flaw
size, a/d, in the following way:

ln(a/d)= Po + p,\n{ald) + Z (1)

where ^ is a normally distributed random error term with zero mean and variance ai,

and Po e (-°°,°°) and Pi > 0 are the regression parameters. According to this model,
the expected value of the logarithm of measured relative flaw size is

E[ln(a/d)] = Po + PjHald), (2)

The closer the parameter values are to Po = 0 and Pi = 1, the better is the sizing
performance The variance of the logarithm of measured relative flaw size is assumed
to be independent of the flaw size:

D2[ln(a/d)] = <rf (3)

The parameters Po, Pi, and o2^ can be determined by estimating the parameters of the
corresponding linear regression model from data consisting of known flaw sizes and
corresponding measurement results.

It should be noticed that the variance of the measured flaw size depends on the true
flaw size, although the variance of the logarithm of the flaw size is constant, and the
variance is positive even when the true relative flaw size equals to a/d=l. Further, for
Po > 0, the model may result to relative flaw sizes larger than 1 for true a/d < 1. Thus
the lognormal model is valid only for flaws with relatively small a/d, and for small Po,
which is one reason to apply the logit model to be discussed below.

2.2 Logit model

Due to the fact that the lognormal distribution is defined in the interval [0,°o) (and the
flaw is always of finite size), the applications of the lognormal model should be
limited to cases with small relative flaw sizes, and such parameters that only a very
small proportion of the probability mass lies outside the allowed range.

We introduce an alternative model which is based on the logit transformation of the
relative flaw depth, a/d. In this model, simply called the logit model, the values of the
relative flaw size can be restricted to remain within the allowed range [0,1].



We define a new variable z, which is the ratio of the flaw depth and the remaining
ligament, i.e.

^ (4)
d-a

where a is the flaw depth, d is the wall thickness. Now it is assumed that this
transformed flaw depth z, which is defined on the interval [0,oo), is lognormally
distributed. The logarithm of the measured transformed flaw depth z is assumed to
depend on the logarithm of the true transformed depth z and the measurement error
linearly

in which \ is a normally distributed random error term with zero mean and variance

cr|, and Po e (-°°, °°) and Pi >0 are the regression parameters, as in the lognormal

model defined earlier.

Since d/d depends on the random measurement error, its is a random variable. The
median of the measured d/d is given by

aid

M[a,d]= °-a/d'^ • (6)
(rd

l-a/d

The behaviour of the logit model is presented for some parameter values in Figure 1.
For values Po=0 and P/=7, the median of the measured depth equals to the true depth.
With values $o=O and p;>i ($i<l), the measurement tends to overestimate
(underestimate) flaw sizes with a/d > V2, and to underestimate (overestimate) other
flaws. As Pi approaches zero, the measurement result becomes independent of the true
flaw size, and the measured flaw size is completely determined by random noise.
With large values of pi the function becomes steep which corresponds to a
measurement intended for only detecting flaws without any sizing efforts.

The advantage of the logit model is that it is physically more feasible than the
lognormal model. Further, the model is very flexible in describing various kinds of
relationships between the measured and true flaw sizes.
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Figure 1. Logit model behaviour for some parameter values.

2.3 Application of sizing performance models

The data set used in our case study consist of the depth sizing results of the Finnish
team participating to the PISC III exercise. This team had identified all flaws, and the
sizing capability was one of the best among the participants. The measurement results
and corresponding true flaw sizes (i.e. reference flaws obtained from destructive
testing of the assemblies) are presented in Table 1.

Table 1. Flaw sizing data.

a
7.6
2.9

9
1.6
9.2
2.1
6.6
1.9
1.8
1.8
1.3
2.9

a
9

1.5
10

1
8

1.5
6

1.5
1.5

2
1
1

d
11
11
11
11
16
16
16
16

18.5
18.5
18.5
18.5

a/d
0.69
0.26
0.82
0.15
0.58
0.13
0.41
0.12
0.10
0.10
0.07
0.16

a/d
0.82
0.14
0.91
0.09
0.50
0.09
0.38
0.09
0.08
0.11
0.05
0.05

As described earlier, the parameters of the sizing reliability models can be estimated
with linear regression from the sizing data. The parameter estimates for the lognormal
and logit sizing reliability models are presented in Table 2. The measured flaw depths
and the fitted models are presented in Figure 2.



Table 2. Parameter estimates for the lognormal and logit sizing reliability models.

lognormal model
\n(a/d) ~N($o + $iln(a/d), a*)
logit model
ln(~z)~N($o + VAn(z),Gf),
z = a/(d-a)

Po
-0.03

0.06

P.
1.14

1.25

0.12

0.22

The goodness of the models can be compared by calculating the sums of squared
errors. This comparison indicates, that the logit model fits better the data in this case.
The sum of squared errors of the alternative models differ by factor two.

• measured a/d

-©— lognormal model

-o— logit model

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
true a/d

Figure 2. Flaw depth sizing performance and fitted lognormal and logit models.

3 PROBABILITY OF DETECTION

The uncertainty of inspection process is usually characterised in terms of the
probability of detection as a function of flaw size. This probability function may be
defined from the detection frequency data describing how many inspection teams have
found the flaw.

3.1 Models for detection probability

A lognormal model has been applied e.g. in [6] to express the probability of detection
as a function of flaw depth, POD(a). The model is following:

POD(a I d) = <D(c, + c2 ln(a / d)) (7)

where O is the cumulative distribution of (0,l)-normal distribution, a/d is the relative
flaw depth, and c; e R and C2 > 0 are model parameters.



A very similar POD function can be obtained for the logit model:

POD(a I d) = <D c,+c2 In
a

d-a
(8)

Besides the flaw depth, the flaw size is characterised by the length of the flaw. In
order to take into account the impact of the flaw length on the detection probability,
the models (7) and (8) can be modified to include also the relative length as a variable.
We have included the length in the logit model (eqn. (8)) as follows:

Lc, eR,c,>O,c, >0 (9)

where / is the flaw length, Dn is the pipe circumference, and C], C2 and c$ are model
parameters.

3.2 Application of POD models

In our examples, the probability of flaw detection (POD) as a function of flaw size is
determined by estimating the model parameters from detection frequency data of PISC
exercise. In the first analysis, the POD is expressed as the function of flaw depth, and
the models given in equations (7) and (8) are applied. Figure 3 presents the POD
function based on the maximum likelihood estimates. The logit model and the
lognormal model result to rather similar POD functions.
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Figure 3. POD functions estimated from hit-miss -data. Lognormal and logit models.

The impact of flaw length on the probability is analysed by estimating the parameters
of the model defined in (9). In Figure 4 the resulting probability of detection is
presented as a function of both relative depth and length.
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Figure 4.
length.

Estimated probability of detection as a function of relative depth and

The goodness of the models can be compared with the likelihood ratio. This
comparison indicates that the three-parameter model results to only slightly better fit
than the two-parameter model. This is partly due to the fact that the ratio of relative
depth and length does not vary very much in the data and thus the additional
information on the detection probability carried by the flaw length is not very
significant.

4 BAYESIAN UPDATING OF FLAW SIZE DISTRIBUTIONS

The information on sizing accuracy and detection probability can be used to evaluate
the uncertainty related to results from periodically performed in-service inspections at
power plants. Since the NDT measurements do not give exact estimates on the flaw
size, it is beneficial to express the uncertainty in the form of probability distributions.
This information on flaws in the form of a probability distribution may be used in the
decision making in plant inspection data management procedures. Further, it is
theoretically possible to optimise the inspection policies by applying the Bayesian
measurement models and stochastic optimisation techniques, as demonstrated in [7].

In the following Bayesian approach, the sizing data from inspections are used to
update the knowledge of the flaw size, while the measurement uncertainty is
consistently taken into account in the modelling.

4.1 Model for updating the size distribution of a single flaw

The use of flaw sizing performance models in Bayesian updating of the flaw depth
distributions is following: First it is assumed that the parameters of the sizing models
are known. These models describe the statistical properties of the measurement error.
Secondly, a probability distribution which describes the prior uncertainty about the
flaw depth is specified. As the last step, the Bayes rule is applied to combine the prior



distribution, the knowledge on sizing performance and the measurement data into the
posterior distribution of the flaw depth.

In our model, we assume that the size of a new flaw follows a priori a logit
distribution with parameters, |x and a2. The choice of the prior distribution parameters
reflects the knowledge of flaw depth prior to the measurements. If little is known prior
to the measurements, the variance should be large. After a flaw has been detected, and
its size (d/d) has been determined, the posterior distribution parameters a 2 ^ and |i.poSt

can be obtained with the measurement result d/d, prior distribution parameters n and
a2, and the sizing reliability model parameters Po, Pi. and o 5 from eqn. (5). If a new
examination result is obtained, the distribution of true flaw size is updated using the
distribution obtained from previous measurement result as prior distribution.

4.2 Example of updating flaw size distribution

In the following example it is assumed that two measurement results have been
obtained from an inspected weld. The first measurement result is a/d = 0.3, and the
second measurement of the same flaw results to sizing a/d = 0.35. Prior to these
inspections, there is very little knowledge of the existing flaw, and it is expressed with
a prior distribution with a rather large variance. In our example we use a logit prior
with the median 0.5 and the 95 % fractile 0.9. The prior distribution is updated with
the measurement results and the sizing reliability model parameters presented in Table
2 for logit model. Thus we assume that the measurements have been performed in
similar conditions with corresponding expertise as the Finnish team in PISC exercise.

The prior and posterior distributions are presented in Figure 5.
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Figure 5. Prior and updated flaw depth distributions. Logit model.

From Figure 5 it can be seen that our prior distribution is almost uniform for a/d. The
posterior 1 distribution shows the updated knowledge of flaw size after the first



measurement (a/d = 0.3). It can be noticed that the knowledge of the flaw size has
improved. After using the new information obtained from the second measurement
(a/d = 0.35) to update the flaw size distribution, the posterior 2 distribution is
obtained.

5 CONCLUSIONS

In this paper, the reliability of NDT measurements was approached from three
directions. We have modelled the flaw sizing performance, the probability of flaw
detection, and developed models to update the knowledge of true flaw size based on
sequential measurement results and flaw sizing reliability model. In discussed models
the measured flaw characteristics (depth, length) are assumed to be simple functions
of the true characteristics and random noise corresponding to measurement errors, and
the models are based on logarithmic transforms.

The flaw sizing model based on logit transformation has clear advantages compared to
the lognormal model. The logit model has a greater physical realism, since it is
defined in a finite interval, and the model is more flexible in describing possible
relationships between true and measured flaw sizes. In our application, the logit model
fitted better to the actual sizing data than the lognormal model.

In our example on detection probability based on PISC HI data, the model utilising the
logit transformation of the relative flaw size was slightly better than the model based
on logarithmic transformation. The model in which the detection probability depends
both on the flaw depth and length did not result to significantly better fit, partly due to
the fact that the ratio of relative depth and length did not vary much in the data. To
get more information on the impact of flaw length on the detection probability, more
variety in the aspect ratios would be needed.

Models for Bayesian updating of the flaw size distributions were developed. Using
these models, it is possible to take into account the prior information of the flaw size
and combine it with the measurement results. Practical application of Bayesian
updating could be found in management of ultrasonic inspections and in principle in
the optimisation of inspection, as well as in qualification of NDT systems. A Bayesian
approach could contribute e.g. to the definition of an appropriate combination of
practical assessments and technical justifications in NDT system qualifications, as
expressed by the European regulatory bodies [8].
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INTRODUCTION

• Uncertainty in non-destructive testing:

- uncertainty in flaw size determination

- uncertainty in flaw detection

• Models to account for uncertainties

• Application to PISC* III data

• Bayesian updating of flaw size distribution

Programme for Inspection of Steel Components
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PISC III DATA USED IN EXAMPLES

3 assemblies with intergranular stress corrosion
(IGSCC) type flaws => 12 flaws

• true flaw sizes
• sizing results of one team
• detection frequency data, 23 teams
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The data from PISC III exercise

Flaw
i

1
2
3
4
5
6
7
8
9
10
11
12

Flaw
depth

a (mm)

7.6
2.9
9

1.6
9.2
2.1
6.6
1.9
1.8
1.8
1.3
2.9

The measured flaw

Wall
thickness
d{mm)

11
11
11
11
16
16
16
16

18.5
18.5
18.5
18.5

Flaw
length
/(mm)

115
1.4
116
0.6
88
90
66
95
88
68
75
70

Pipe
circumference

nD (mm)

936
936
936
936
905
905
905
905
889
889
889
889

depth as measured by the Finnish inspection team

Measured
flaw depth1

fl(mm)

9.0
1.5
10.0
1.0
8.0
1.5
6.0
1.5
1.5
2.0
1.0
1.0

within the PISC

Observed
detection

frequency,

0.95
0.23
1.00
0.05
0.95
0.86
1.00
0.86
0.40
0.60
0.45
0.50

III exercise.

KaisaSimola 1997
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FLAW SIZING MODELS

lognormal model:

ln{dld)- fi0

logit model:
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PERFORMANCE OF LOGIT MODEL

1

0,9

0,8

0,7

"<8 0,6
•o
2 0,5
</>
S 0,4

0,3

0,2

0,1
0

1 1
po=opi=i
po=opi=io
pO=-O7p 1=0.5

— 1—
• I ' -

_J_

/
/

7/
H

y

i

0 0,1 0,2 0,3 0,4 0,5 0,6 0,7 0,8 0,9 1

true a/d

KaisaSimola 1997



AUTOMATION
Industrial Automation

FLAW DEPTH SIZING PERFORMANCE

1
0,9
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P 0,7
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4 •
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r

+ measured a/d

lognormal model
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MODELS FOR PROBABILITY OF DETECTION

lognormal model:

POD(a 2 \n(a Id))

logit model:

POD(ald) = x + c2 In
v

/ a

J
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ESTIMATED POD FUNCTIONS
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POD as a function of relative depth and length

• 0,8-1

• 0,6-0,8

§i 0,4-0,6

m 0,2-0,4

• 0-0,2

relative length
relative depth
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BAYESIAN UPDATING OF FLAW SIZE

Prior distribution for flaw size

Measurement uncertainty expressed by sizing
model

Bayes rule to combine measurement data and
prior distribution

=> posterior distribution of flaw size
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BAYESIAN UPDATING OF FLAW SIZE - example

1

0,8

0,6

3 0,4

0,2

po = -i
pi = 1
a=0.2

+9

/

0,2 0,4 0,6 0,8

true a/d

1. measurement: a/d = 0.2

2. measurement: a/d = 0.3

0,5

1

A\
\\

sir v ^

A priori

A posteriori 1

A posteriori 2

KaisaSimola 1997



AUTOMATION
Industrial Automation

MODELS FOR MULTIPLE FLAWS

1. Evaluation of number of identical flaws
• number of flaws Poisson distributed

• probability of flaw detection

=> probability of detecting k out of n flaws

• Bayes rule => P(n\k)

2. Simultaneous updating of number and depth of
flaws

KaisaSimola 1997
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CONCLUSIONS

Models for sizing and detection probability
Advantages of logit model:

- flexibility - determined on finite interval

• B ay esian updating
- support of inspection and maintenace decisions

- applicable in qualification of NDT systems

KaisaSimola 1997


