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Abstract: Process systems and pipelines are subjected to a variety of deteriora-
tion mechanisms and inspections are required to ensure the safe operation of 
these systems. To quantify the effect of the inspection outcomes on the risk as-
sociated with deterioration failures, models of inspection quality that enable 
Bayesian updating of the probabilistic deterioration models are needed. This 
paper introduces such a model, which in contrast to existing models is fully 
quantitative and can account for the fact that the defects identified during an 
inspection are not necessarily the most critical ones. The model is applied to 
determine the effect of inspection results on a pipe subject to CO2 corrosion.   

1 Introduction 

Deterioration of process systems and pipelines is a major concern and has caused a large 
number of accidents and emergency shutdowns worldwide with significant associated so-
cietal and economical cost. As an example, the emergency shut-down of a pipeline in 
Alaska in 2006 due to corrosion damages lead to the temporary production stop in the 
Prudhoe Bay oil field, notably the largest oil field in the U.S. [1]. Operators are trying to 
prevent such events, and inspections have been recognized as an important part in the asset 
integrity management strategy. Inspections reduce the uncertainty on the extent of deteri-
oration and, therefore, facilitate the efficient planning and execution of repairs and re-
placements of system components.  

Inspections are not perfect and models of inspection quality, which allow quantifying the 
effect of an inspection result on the deterioration reliability, are required. Prior to an in-
spection, such models serve to determine the effectiveness of the inspection and enable the 
optimization of the inspection strategy. Such an approach is incorporated in the Risk-Based 
Inspection (RBI) strategy that has become the standard in the oil and gas industry, follow-
ing the API 580 procedure [2]. The models of inspection quality presented in the API doc-
ument are semi-quantitative and merely categorize the effectiveness of the inspection in 
five different categories. They do not enable a physical interpretation of the inspection re-
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sults, and do not allow for Bayesian updating of the deterioration model with the inspec-
tion results. For this reason, the API models allow ranking the inspections according to 
their effectiveness in detecting certain types of damages, but they are not suitable for a 
fully quantitative optimization of inspections according to the expected cost criterion or the 
expected utility criterion. Furthermore, the API models cannot quantify the effect of in-
spection results on the deterioration risk.  

Besides the API approach, a number of researchers have attempted to use fully quantitative 
models of inspection quality in the context of optimizing inspections on pipelines, e.g. [3-
5]. These models have their shortcomings as well. In [3,4] it is assumed that an inspection 
will always identify the largest defect in the element, which is clearly unrealistic and leads 
to a strong overestimation of the reliability after the inspection. In reality, deterioration 
defects are distributed in space, as exemplified by the example in Figure 1, and it cannot be 
ensured with certainty that all defects are identified during the inspection. In Hong [5], the 
probability of not detecting the largest defect is included and the model enables to update 
the probability of failure with a given inspection and maintenance strategy through Monte 
Carlo simulation (MCS). However, the model does not appear capable for updating the 
reliability of the system with a given inspection result and it requires a model of the full 
joint distribution of all defects in the element, which is not generally available in practice, 
although theoretical models exist. Finally, it is unclear how the model can be evaluated 
with computational methods other than MCS.  

 

Figure 1:  Example of localized corrosion in piping, from [6]. 

In this paper, a fully quantitative model of inspection quality for pipelines and process 
equipments is presented, which includes the probability of missing some of the defects, but 
which is independent of the modeling of defects in the system. The model facilitates Baye-
sian updating of the deterioration model based on particular inspection results, by means of 
structural reliability methods or simulation, and it can serve for risk-based planning of in-
spections. The model was first proposed in a more general form by the author in [7]. It is 
here presented for the specific case of inspections in process systems and pipelines and is 
applied to an example considering pipes subject to CO2 corrosion.   
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2 Modeling the system condition 

When dealing with deterioration and other damaging processes that lead to localized de-
fects, it is typically the largest defect within a structural element that is of interest. Conse-
quently, we model the defects by S, the size of the largest defect in an element with area A. 
In this paper, we consider S to be defect depth, but the proposed models are not restricted 
to this definition and S could also be defect length or a combination of depth and length (in 
which case S would be vector-valued). Since S is uncertain, it is represented by ( )Sf s , its 
probability density function (PDF). The model neglects all defects smaller than S that are 
present in A at the time of inspection. Even if these defects are not important for the relia-
bility of the structure, they still influence the inspection model, as we will see later.  

The definition of the elements to be used in the modeling of deterioration and inspection 
will not generally follow the definitions commonly used by designers and operators. In-
stead, elements should be defined such that (a) the conditions leading to defects within an 
element are homogenous, e.g. the bottom of a pipe section will typically be a different 
element than the upper part, and (b) inspections will cover the entire area of an element. 
Therefore, most structural element must be modeled by a number of smaller elements. 
Such discretization is a common practice in the modeling of spatially distributed deteriora-
tion [8]. 

3 Inspection modeling 

3.1 Bayesian updating 

The effect of any inspection result Z on the uncertainty in the maximum deterioration size 
S is quantified by means of Bayes’ rule as [9] 

( ) ( ) ( )|S Sf s Z L s f s∝   (1) 

wherein ( )Sf s  is the PDF of S  before the inspection (the a-priori model) and ( | )Sf s Z  is 
the posterior PDF of S  given the inspection outcome Z . ( )L s  is known as the likelihood 
function, and is proportional to the probability of obtaining the inspection outcome event 
Z  given that the largest defect in the element is s : 

( ) ( )Pr |L s Z s∝   (2) 

In Equation (1), the effect of the inspection on the uncertainty in the deterioration size S is 
fully described by the likelihood function, since the proportionality constant in (1) is de-
termined by the condition that ( | ) 1Sf s Z d∞

−∞ θ =∫ . Therefore, the likelihood function ( )L s  
is the generic model for inspection quality. In the following, we will derive this function 
for the considered class of inspections. 
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3.2 Quantitative model of inspection quality 

Inspection results can be categorized in the three types: (a) no detection of a defect, (b) 
defect detection but no size measurement, (c) detection and measurement of one or more 
defects. Here, we will focus on type (c), which is the most relevant for process systems and 
pipelines. Models for the other types can be found in [7].  

In modeling the inspection outcome, it has to be accounted for the possibility that the 
measured defect is not the largest defect in the element. To formalize this, we introduce the 
following events: 

D : Detection of at least one defect in the inspected area A; 

SD : Detection of the largest defect in the inspected area A; it is SD D⊆ ; 

{ }m mS s= : The largest identified defect is measured as ms . 

The likelihood function ( )L s  can be written as 

( ) ( )
( )

Pr

m

m m

S m

L s S s s

f s s

∝ =

∝
  (3) 

and the problem reduces to determining the conditional PDF of the measured maximum 
defect size mS  given that the maximum defect has size S s= . By application of the total 
probability theorem, we can write 

( ) ( ) ( ) ( ) ( ), Pr | , Pr |
m m mS m S m S S S m S Sf s s f s s D D s f s s D D s= +  (4) 

The first additive part in (4) corresponds to the event of identification and measurement of 
the largest defect in the element, the second to the event of missing the largest defect at the 
inspection. To describe the likelihood function for the inspecting outcome event Z, and 
thus the inspection quality, we hereafter derive the constituents of Equation (4). 

3.2.1 Probability of detecting the largest defect 

Probability of detection (PoD) models have been used since the 1970s to characterize the 
ability of inspections to identify defects [9], mostly for fatigue induced defects. For inspec-
tions on pipes subject to localized corrosion, such PoD models have been developed for a 
number of inspection techniques during the CRIS JIP [6]. Thereby, the true sizes of defects 
in test specimens were compared with the results of a number of inspections carried out on 
the test specimens and the parameters of the PoD function were then calculated by regres-
sion analysis. Figure 2 shows an example of such a PoD function.  

It appears reasonable to assume that the probability of detecting the largest defect in the 
element depends on the size of that largest defect alone and is independent of the remain-
ing defects in the element. Then, we have that  

( ) ( )Pr |SD s PoD s=  (5) 
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( ) ( )Pr | 1SD s PoD s= −

 

(6) 
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Figure 2:  Example of a Probability of Detection (PoD) model [6]. 

3.2.2 Measuring the largest defect 

Measurement accuracy models describe the error in the measurement Xm of the size X of a 
known defect. Such models, which are commonly used for any type of measurement, have 
the generic form ( | )

mX mf x x , i.e. they give the conditional PDF of Xm given that the true 
defect size is x. As an example, an additive model for the measurement accuracy is  

( ) ( )|
mX m mf x x f x xε= −  (7) 

wherein ( )fε ⋅
 
is the PDF of the additive measurement error. This model will be used in 

the remainder of the paper, but replacing it with another model, e.g. a multiplicative model, 
is straightforward. 

If we neglect the possibility that the measurement of a defect smaller than S results in a 
measured defect size larger than the measurement of S, then we have that 

( ) ( ),
mS m S mf s s D f s sε= −  (8) 

3.2.3 Measuring defects other than the largest  

The defect model only contains information about S, the size of the largest defect in the 
element, yet in principle knowledge on the joint distribution of all defect sizes in the ele-
ment is required to calculate ( | , )

mS m Sf s s D : If the largest defect is not found, then the 
maximum defect measurement will depend on the sizes of the remaining defects in the 
element. Therefore, an assumption on the joint distribution of all elements is made, follow-
ing Straub [7]. Let DS  denote the size of the largest identified defect; it is DS S≤ . If it is 
assumed that the sizes of the defects are statistically independent, then, as the number of 
defects in the element goes to infinity, the distribution of DS  given SD  asymptotically 
becomes the distribution of S, truncated at s. Therefore, with given measurement error ε , 
we obtain 
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( ) ( ) ( )1
,

, ,

0, else
m

S m m
SS m S

f s s s
F sf s s D

⎧ + ε < − ε⎪ε = ⎨
⎪
⎩

 (9) 

Integrating over ε  yields the desired expression 

( ) ( ) ( ) ( )1
,

m

m

s s

S m S S m
S

f s s D f s f d
F s

−

ε
−∞

= + ε ε ε∫  (10) 

3.2.4 Resulting inspection model 

By inserting the formulations derived above into Equations (3) and (4), the resulting in-
spection quality model is obtained: 

( ) ( ) ( ) ( )
( ) ( ) ( )1 ms s

m S m
S

PoD s
L s PoD s f s s f s f d

F s

−

ε ε
−∞

−
= − + + ε ε ε∫  (11) 

 The function is illustrated in Figure 3 for two values of ms , defect distribution 
1( ) 1 exp( 0.5mm )SF s s −= − − ⋅ , Normal distributed ε  with zero mean and 1mmεσ = , and 

the PoD model illustrated in Figure 2 (with s  in mm, from CRIS [6]): 

( ) ( )
( )

exp 1.07 2.57 ln

1 exp 1.07 2.57 ln

s
PoD s

s

− +⎡ ⎤⎣ ⎦=
+ − +⎡ ⎤⎣ ⎦

 (12) 
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Figure 3: Example likelihood function for the case of detecting a defect with measured size sm. 

Figure 3 also includes the traditional likelihood functions for no-detection and for measur-
ing the largest defect. It is observed that the proposed likelihood function is approximately 
proportional to the traditional models: For values of s  in the vicinity of ms , ( )L s  is close 
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to ( )mf s sε − , whereas for values of  s  significantly larger than ms , ( )L s  is proportional to 
1 ( )PoD s− . It is observed that the relative likelihood of values 15mms >  is lower for 

10mmms =  than for 3mmms = . This is because in the latter case there is a higher probabil-
ity of having missed the largest defect.  

3.2.5 Validation 

The model in Equation (11) is based on assumptions on the sizes of all defects in the ele-
ment that are smaller than the maximum defect. These assumptions are necessary since it is 
assumed that the deterioration model does not predict the full joint distribution of defect 
sizes. By assuming knowledge on the full distribution, the validity of the assumptions 
made can be checked. Such a validation is presented in Straub [7], showing that the pro-
posed model is highly accurate, except for the case where defect sizes within the element 
are strongly correlated. In that case, the model is conservative when the largest measure-
ment, ms , is small and non-conservative when ms  is large. However, as will be shown in 
the following application, this non-conservatism is not critical in reliability updating of 
process systems and pipelines subject to deterioration defects.  

3.3 Limit state function for inspection results 

To compute the reliability of systems subject to deterioration, structural reliability methods 
(SRM) are commonly applied, due to their computational efficiency and accurateness. To 
calculate the updated reliability after an inspection using SRM, it is required to express the 
inspection outcome in the form of a limit state function [10]. Let Zg  denote the limit state 
function for the inspection outcome, such that Pr( ) Pr( 0)ZZ g∝ ≤ . It can be shown [7] that 
if the inspection outcome Z is expressed by the likelihood function ( ) Pr( | )L s Z s∝ , a limit 
state function for Z is 

( )1
Zg u L s−= −Φ α⎡ ⎤⎣ ⎦  (13) 

where u  is the realization of a standard Normal random variable, 1−Φ  is the inverse stan-
dard Normal CDF and α  is a positive constant that is chosen to ensure that ( ) 1L sα ≤  for 
all s.  

4 Application to reliability updating of pipelines subject to 
CO2 corrosion  

4.1 Deterioration modeling 

Carbonic acid corrosion (CO2 corrosion) is a common phenomenon in oil and gas pipelines 
leading to localized defects. The deWaards-Milliams model is the most common model for 
CO2 corrosion [11,12]. It predicts a constant corrosion rate based on the main influencing 
parameters operating temperature oT , pressure oP , and the partial pressure of CO2, 

2COP . 
Other influencing parameters, such as the flow rate or the pH are not explicitly accounted 
for. The corrosion rate 

2COR  is 

( )10 2

2

5.8 1710 0.67 log
10 o COT f

COR
− + ⋅

=  (14) 
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where the temperature oT  is expressed in [K] and the CO2 fugacity 
2COf  is calculated from 

( )
2 2

0.0031 1.410 o oP T
CO COf P −= ⋅  (15) 

The partial pressure of CO2 is a function of the operating pressure oP  (in bar) and the frac-
tion of CO2 in the gas phase, 

2COn : 

2 2COCO oP n P=  (16) 

The deWaards-Milliams model was originally developed for design purposes. To apply the 
model for reliability analysis, it is necessary to include a factor that accounts for the model 
bias and uncertainty. Following Sydberger et al. [3], this factor MX  is modelled by a 
Weibull distribution with mean 0.4 and coefficient of variation 0.8. The largest corrosion 
depth ( )S t  at time t  is then 

( )
2M COS t X R t=  (17) 

It is noted that the presented model does not account for the size of the pipeline element. 
Simplifying, it is here assumed that the reference size for the model is the same as for the 
inspection model, i.e. the individual elements are pipe elements with length 2-3m and di-
ameters 110-220mm. 

The considered failure mode is leakage, i.e. the failure event occurs when the largest corro-
sion depth ( )S t  exceeds the wall thickness of the pipe, D . The corresponding limit state 
function is  

( ) ( )F tg d s t= −  (18) 

The extension of the model to the bursting failure mode is straightforward [13,14], and 
corresponds to replacing d in Equation (18) with the critical defect size at which failure 
occurs. Note that in most practical applications the uncertainty related to the failure 
mechanism is smaller than the uncertainty related to the corrosion process. 

The parameters of the corrosion model are summarised in Table 1. We consider a full 
model and a simplified model, in which the only uncertain random variable in the corro-
sion model is MX  . This model is considered to investigate the accuracy of the reliability 
computations, since it facilitates graphical representation and allows numerical integration, 
which is used to compare the results obtained with structural reliability methods. 

Table 1. Parameters of the corrosion model. The values in braces represent the alternative 
model where the only uncertain variable is XM . 

Parameter Dimension Mean St. Dev. Distribution 

Wall thickness D mm 40 2 (0) Normal 

Operating Temperature oT  K 307 8 (0) Normal 

Operating pressure oP  bar 109 10 (0) Normal 

Fraction in gas-phase 
2COn  - 0.01 - Deterministic 

Model uncertainty MX  - 0.4 0.32 Weibull 
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4.2 Inspection modeling 

The inspection is characterized by the PoD in Equation (12) and the additive measurement 
accuracy model with Normal distributed ε  with zero mean and 1mmεσ = . The limit state 
function for the event of detection of a maximum defect size ms  in year it  follows from 
Equations (11) and (13) as 

( ) ( ) ( )
( ) ( ) ( )

( )
1

( ) ( )
( )

1 i m

i i

i

s t s
i

Z t i i m S t m
S t i

PoD s t
g u PoD s t f s t s f s f d

F s t

−
−

ε ε
−∞

⎛ ⎧ ⎫− ⎡ ⎤⎪ ⎪⎣ ⎦⎜= −Φ α − + + ε ε ε⎡ ⎤ ⎡ ⎤⎨ ⎬⎣ ⎦ ⎣ ⎦⎜ ⎡ ⎤⎪ ⎪⎣ ⎦⎩ ⎭⎝
∫

 

(19) 

( )iS tF  is the CDF, ( )iS tf  the PDF of the maximum defect size at it . Since the distribution of 
( )S t  is not available in analytical form, it is computed numerically by SORM. The con-

stant α  is selected as 1.0α = . 

4.3 Computations 

System reliability analysis is required to compute the joint probability of the inspection 
events 1,..., nZ Z  and the failure event ( )F t . As observed in Straub [7], results obtained 
with FORM/SORM can be inaccurate, due to the distinct non-linearity of the limit state 
functions representing the inspection results. On the other hand, simple importance sam-
pling schemes can give good results. Such an approach is followed here, whereby the pro-
posal distribution is selected as a multinormal distribution in standard Normal space 
centered on the joint design point (JDP), as illustrated in Figure 4. It is noted that this im-
portance sampling is not optimized, yet such an optimization is not necessary given that 
the evaluation of the limit state function is inexpensive (as is the case for most existing 
practical deterioration models). 
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Figure 4: Limit state functions in standard normal space, together with samples (circles) of the 
selected proposal distribution for importance sampling, with t=30yr, ti=5yr, sm=8mm. 
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4.4 Results 

In Figure 5, the reliability conditional on two different inspection results is shown. In both 
cases, importance sampling results are very accurate. The measurement of a relatively 
large defect after 5 years initially increases the reliability of the element, but after year 20 
leads to a strong reduction in the reliability index compared to the a-priori model. This is 
because initially the fact that no defect larger than 8mm has been observed increases the 
reliability, but later the observed defect, which is larger than could be expected from the a-
priori model, becomes critical and reduces the reliability of the element. This effect is also 
reflected in Figure 6, where the proposed model is compared with the traditional models 
that represent either the measurement of the largest defect or the no-detection of the largest 
defect. From the comparison in Figure 6, it becomes evident that the reliability is dominat-
ed either by the event of missing the largest defect (at the earlier stages) or by the defect 
that has been identified and measured.   
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Figure 5: Probability of failure, updated with different inspection results. The lines are computed 
with numerical integration, the circles show the results from importance sampling.  

Obviously, the time after which the largest observed defect dominates the reliability de-
pends on the measured size ms . The larger ms , the earlier this defect will become critical. 
Earlier it was stated that the proposed model, under certain circumstances, can be non-
conservative in the case of measuring a large ms . In particular, the model might underesti-
mate the probability of having missed another larger defect. However, for large values of 

ms , the time period in which the missed defects are dominant is relatively short, and the 
effect of the non-conservatism is thus small.  

In practice, whenever a large defect size ms  is measured at an inspection, it can be ex-
pected that additional measures are taken, such as repairs or additional inspections and 
investigations. As is obvious from Figures 5 and 6, once the defect becomes critical, there 
is little time to act, since then the reliability index decreases quickly. This can be used in 
the risk-based planning of inspections, by mandating that an inspection schedule is to be 
followed as long as the identified defects do not become critical before the next inspection.    
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Figure 6: Probability of failure, updated with different inspection models, for the case of observing 
sm=8mm in year 5. The measurement event model and the no-detection event model are 

the inspection models commonly used. 

In Figure 7, the deterioration reliability of the element represented by the full probabilistic 
model and multiple inspection results is shown. For the given inspection outcomes, the 
reliability index of the element is above a value of 3 for the entire service life. Without 
inspections, the reliability index would fall below a value of 3 already after 10 years.  

0 5 10 15 20 25 30

Year t

1.0

2.0

3.0

4.0

5.0

8.0

Re
lia

bi
lit

y 
in

de
x 

β 

7.0

6.0

without inspection

sm = 5mm

sm = 8mm
sm = 10mm

sm = 13mm

 

Figure 7: Reliability updated with multiple inspections. 
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5 Summary 

A quantitative model for the quality of inspections on pipelines and process equipment is 
proposed. This model, unlike existing models, allows for Bayesian updating of the deteri-
oration models and defect distribution, taking into account both the uncertainty in measur-
ing the defect as well as the possibility of missing important defects in the elements. The 
model, which has here been investigated and illustrated for the example of CO2 deteriora-
tion in pipelines, is directly applicable in practice.  
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