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A data driven probabilistic model for well integrity management: case

study and model calibration for the Danish sector of North Sea

The correct functioning of well completion in oil and gas facilities, is eminently
important to assure continuity of production operations together with an adequate

safety level.

To enhance the performance of production wells and reduce maintenance
expenditures, a shift of paradigm from corrective maintenance to a proactive risk
based maintenance is necessary. In order to investigate the feasibility of fully
probabilistic risk based inspection planning approach for subsea wells, a pilot study
has been carried out at Danish Hydrocarbon Research and Technology Centre
(DHRTC). After establishing a baseline for the system taxonomy, failure modes
and their dependencies on deterioration mechanisms, a data collection and analysis
lead to the calibration of a corrosion probabilistic model, based on pit-size
measured from tubing inspections. This manuscript presents the results of the
feasibility study, the calibration of a bespoke corrosion model for wells in the
Danish sector of North Sea, the reliability analysis (pressure burst failure) and the
identification of a threshold value for the pit penetration to be compared with
current O&G regulations. The model is further used to compare expected
maintenance costs for two policies, namely corrective maintenance, which is the
most used policy in O&G companies, and condition based maintenance. Results
show how the condition based maintenance policy results in lower maintenance

costs and potential extension of well lifetime.

Keywords: ageing of oil&gas production tubing; corrosion; corrective vs

condition based maintenance policy; life cycle costs

Introduction

Risk based inspection planning (RBI) has been widely used for the integrity management
of transportation infrastructures and pipelines networks, offshore structures such as
platforms and wind turbines. However, in the context of sub-sea and/or sub-surface well
integrity, this method is seldom applied and risk assessment is used mostly in a qualitative

and semi-quantitative way when aiming at programming workovers (Pedersen et al.,
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2012, Chilingar, 2013). This testifies the need for a shift of paradigm from
reactive/corrective maintenance of the sub-surface wells to a proactive risk based
maintenance to ensure and enhance performance. Indeed, the use of probabilistic methods
and risk based management approach facilitates this paradigm shift by allowing
formulating the best strategy aiming at obtaining the desired performance for the asset
with respect to a defined service level and safety acceptance criteria (Straub, 2007). The
best maintenance strategy in RBI is obtained as the optimal strategy according to a
classical decision analysis optimization problem, where the objective is to minimize the
risk function, and where risk is defined as the expected value of the consequences
associated to a specific failure mode and therefore is proportional to the probability of the

failure mode and costs.

In order to investigate the feasibility of the use of risk based maintenance for the North
Sea production wells, an extensive data collection has been performed aiming at gaining
both qualitative information in the form of expert opinions and quantitative data from
inspections with logging tools performed during workover operations. The data collected
permitted the calibration of a bespoken probabilistic corrosion failure model targeting the
simulation of pit maxima whose presence might cause the bursting of the tubing with

consequent leak, loss of integrity and trigger therefore a workover.

This manuscript consists of two parts. First the data collected is analysed and the
corrosion model is developed. In the second part the model is used to simulate the
probability of failure for burst over the fixed 30yrs life span, with corresponding costs of
maintenance for two policies: corrective maintenance and condition based maintenance

(with perfect information).
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Phenomenology of corrosion process

Multiple studies are available in literature where the need for modelling the corrosion
process as time and spatial variant problem is addressed. In particular, the dependency of
the corrosion rate on multiple variables governing the corrosion phenomena is widely
acknowledged. However, in both field and laboratory observations, often the recording
of data is not done in a consistent way, making difficult the derivation of models able to
comprise those dependencies. Temperature and flow velocity are identified as most
important parameters governing initiation of corrosion in both sea water exposed
elements and in transportation pipelines and tubing (Melchers, 2003a, Chilingar et al,
2013). The uncertainties related to these variables propagates to the corrosion process,
where both spatial variability and time dependency can be observed. In particular,
corrosion losses vary almost linearly in time, with standard deviation of corrosion losses

showing a linear increase with the exposure time.

Different models for the growth rate of uniform and pit corrosion are available, especially
for the offshore industry (Olsen, 2003, Melchers, 2003a,b, Smith, 2005, Nesi¢, 2007,
Nyborg, 2010). In this context, Engelhart&MacDonald(2004), have widely highlighted
the need for the combination of mechanistic and statistical models pointing at advantages
and disadvantages of both approaches. Mechanistic and empirical models have the
advantage of being built on the interpretation of the corrosion phenomena and address
clearly the dependencies among the variables. Statistical models, are often not based on
phenomenological models, but can capture the correlation among variables and track
evolution over time of the phenomena. However, while in mechanistic models, model
parameters represent physical variables of the problem (e.g. corrosion pit depth),
parameters of statistical models (e.g. EV distributions) do not represent physical

variables, but statistic characterization of the dataset used (Engelhart&MacDonald,
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2004). Therefore, statistic models may have limited validity depending on the extension
of the dataset and may not be able to capture the full evolution over time of the
phenomena, due to both limitation of the dataset and of extrapolation method itself.
Especially, since statistic distribution parameters do not have physical meaning, no direct
observation can be done and consequently, the use of Bayesian updating to improve the
model is not straightforward (Melchers, 2003a, Engelhart, 2004). Therefore, the

mechanistic model should be combined with statistical calibration on in-situ data.

A power function of the time a - t# is commonly used to model the evolution of corrosion
pit depth (see Laycock, 1990, Melchers, 2003a, 2003b, 2004, Engelhardt, 2004, Straub,
2007), with factor [ calibrated by regression on experimental data and considered
deterministic. Indeed, both Laycock (1990) and Melchers (2008) highlight that 5 should
be kept constant (0.5) for pure hypothesis of Fickian diffusion homogenous process.
Moreover, Melchers (2003a) underlines the importance of using in-situ data because the
organic compound is too difficult to reproduce in lab test and short term lab-test will lead

to misinterpretation of long term corrosion process.

Figure 1 illustrates the phenomenogical evolution of corrosion losses (see Melchers
2003a, 2003b). The initial phases 0 and 1 account for initial effects of oxygen on the
surface (kinetic phase) in which micro-pitting appears very rapidly; phase 2 is then leaded
by the rate of oxygen penetration into the corroded surface, phases 3 and 4 are rapid and
steady state progression of pit growth. In particular, experimental data from Melchers
(1999 to 2008) demonstrated how bacteria associated with corrosion have optimal
metabolism at temperatures between 25 and 30°C, while the activity is very low at 5°C
and above 50°C, with no corrosion at freezing temperatures (-2°C). However, these

temperature values are much lower than operating temperature of oil production tubing,
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where bacterial concentration is also very low due to the use of nitrogen and bactericide.

When seeking to optimize an inspection and maintenance strategy, corrosion losses and
the rate of corrosion during the intermediate phases (from initial kinetic phase to end of
life) are key variable and estimating corrosion losses based only on corrosion rate may
lead to big erroneous evaluations (Straub, 2007, Melchers, 2008). It can be argued that
(Figure 1), using the rate calculated on short-term lab test data (initial corrosion phase),
will likely lead to overestimating the corrosion rate, therefore leading to the planning of
inspections and maintenance operation at small time intervals, which will not be realistic.
On the contrary, considering only a secant value of corrosion rate (i.e. roughly calculated
as ratio between end-of-life corrosion loss and age of the tubing), leads to a good estimate
of an average corrosion rate, but not of higher rates during steady state corrosion
propagation, where one may want to act using inhibitors in order to control the corrosion

rate.

Choice of probabilistic distribution in corrosion modelling

The choice of the probabilistic distribution used to model time to failure and degradation
process has large influence on the resulting reliability (Quesenberry, 1982, Rausand,
1998). The use of Levi process (especially Gamma) to simulate deterioration of
components has been largely suggested (Williams et al, 1985, Pandey et al, 2005,
Noortwijk et al., 2007, Amaya-Gomez et al., 2019, Oumouni et al, 2019). Main advantage
of using Gamma distribution lays in the easier inclusion of time variation though the
shape parameter, while keeping constant the scale parameter. However, a Gamma process
has independent positive increments, which makes realizations monotonic and linearly
increasing, thus a dataset of progressive increments of defect size is needed to model the

degradation process where any non-linearity of corrosion processes, , any variation of the
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degradation rate and any dependency over operational parameters can be introduced by
Bayesian updating whenever new observations are available (Pandey et al, 2005, Straub
et al., 2007, Oumouni et al, 2019). The dataset available for this study does not provides
increments of defect size in between inspections, but only pit sizes at failure, leading to

the choice of a shock load type of distribution, as highlighted in the following sections.

Experimental evidence (Melchers, 2003-2008), showed how in the early phase of
generation, pit location is Poisson-distributed with Exponential size, while full developed
pits can have size following Normal, Lognormal and even Extreme Value distribution
type. In particular, the data analysis done in Melchers (2005a) evidenced a bimodal
behaviour of the pit size distribution, with an initial exponential distribution (first mode)
combined with one or more normal components (for deeper pits). This behaviour is
observed when data are clustered in homogenous populations, while mixed and
inhomogeneous data (stable and metastable pits) would show better fit with extreme value
distributions (especially Gumbel) due to the larger uncertainty associated with the

observations (Scarf, 1996, Engelhardt, 2004, Melchers, 2005a).

A large debate therefore has been developing (Wang et al, 2003, Melchers, 2005a, Valor
et al., 2007) on whether the Gumbel, Weibull or Frechet distributions can be used as
realistically representative for the pit depth distribution. The objection to the use of EV
distribution, or single mode distributions in general, lays in the bad fit of the lower tail,
causing the overestimation of the pit depth in the initial phase and reliability
underestimation. Despite being an open discussion, a solid conclusion is that on the basis
of data regression and classic statistical test, Weibull and Frechet distribution do not
adequately represent the distribution of pit depths while Gumbel distribution or Gaussian
mixture can be used with a good fit. On the contrary, regarding spatial distribution and

generation rate over time, opposite findings can be found (Williams 1985, Valor et al.,
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2007, Taratseva, 2010) as a consequence of the difficulties modelling the incubation
period of the pits, when pits generates fast and at non-homogenous rate. Table 1

summarizes the most relevant used probability distributions in corrosion modelling.

Melchers (2003a), proposed a complex model for corrosion losses based on a time
dependent three components stochastic function containing a deterministic mean
function, a Boolean bias function and a zero-mean uncertainty functiondepending on
environmental parameters such as temperature, steel composition, surface finishing etc.
However, a large dataset comprising all environmental parameters would be necessary to
calibrate the model. Such dataset could be available for large experimental campaigns,
but rarely as field data. Moreover, the dependency of corrosion rate on time and
environmental conditions should be carefully investigated by means of e.g. multivariate
analysis, principal component analysis, multiple predictor and bundling methods ( Liu et
al., 2009, Jiménez-Come et al., 2012) to avoid redundant information and that the error
function is biased by not differentiating the contributions from model error and
approximation, measurement errors, spatial variability and statistical uncertainty, thus

leading to the limitations highlighted in Engelhart (2004).

The DHRTC research activity on North Sea oil production wells

The Danish Hydrocarbon Research and Technology Centre (DHRTC) supported an
extensive data collection. The baseline for system boundaries identification, components
taxonomy and failure modes and deterioration mechanisms for the well completion, d
was established by a structured expert workshop.

Measurements collected during the preparation for workover phase and during inspection

campaign have been made available by DHRTC/Marsk/Total consortium. Data cover
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two fields of the Danish sector of North Sea being operated with (Field 1) and without
(Field 2) gas lifting of the production fluids.

A first set of measurements consists of size of maximum pit penetration with
corresponding depth-location in the production tubing of oil producers (OP) with
respective completion and inspection dates, obtained using multi-finger-calliper logging
tool (MFC). The MFC consists of a tungsten body on which an array of flexible moving
fingers are mounted to measure inner diameter of tubing and casing strings while logging
it inside the well. Due to the lack of information over the calibration of the MFC, the
measurement uncertainty is here not considered (i.e. perfect information).

A second set consists of measurements of daily maxima of operating pressure recorded

by top head and bottom head pressure gauges.

The scope of using in-situ data is twofold: 1- learning the distribution of pit sizes at failure
and operating pressure profile from observations; 2- calibrating the parameters of the

Poisson occurrence of maxima pit sizes.

Analysis of survey data and probabilistic model calibration

As measurements of pit depth were obtained from different inspections made with
potentially different MFC tools, it must be assumed that the measured pits represent
independent observations of the same distribution of pit size, i.e. pit measured are all
identically distributed (Laycock et al, 1990, Isogai, 2004, Melchers 2005a, Zhang, 2014,
Ossai et al., 2016). Indeed, there is enough evidence that extreme pitting events at
different hotspots occur as independent events (Turnbull, 1993, Melchers, 2003-2008,
Jarrah et al, 2011), where any apparent correlation among extreme pits shall be interpreted
as caused by uniform exposure rather than a real dependency (Melchers, 2005a). This

hypothesis applies well to our dataset, since pits were measured during inspection for
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workover preparations, meaning that, with few exceptions, tubings were all substituted
after the inspections, and that measurements done in the same well at different times, do
not correspond to the same pit.

The average maximum pit depth over time and along tubing depth is depicted in Figure
2 and Figure 3. Field 1 shows higher average of maxima pit size over a shorter life time
respect to Field 2. The average pit size increases with exposure time for both fields in the
short period, then decreases as a larger number of smaller pits are detected, then increases
again due to detection of maxima pits. A hidden effect is the shrinking of population size
for the 4.5in which have been progressively substituted by 5.5in. The increase is faster
for the oil producers of 5.5in with respect to the 4.5in.

Correlation among exposure time (age), location depth size of pits was also investigated.
Correlation of the pit size with depth is lower (10% to 30%), while a higher correlation

(20% to 50%) is found with tubing age.

The pit maxima occurrence

Figure 2 and Figure 3 show pits are detected even after short exposure time. The high
uncertainty in modelling nucleation rate over time makes it difficult to model initiation
time from detected defects (Valor et al., 2007, Tarantseva, 2010).. Herein, the assumption
of Normal distribution for the initiation time is made and the parameters in Table 2 were
derived considering average time to occurrence of pits within the first five years of tubing
exposure.

Under the hypothesis of independent observations, the number of pits N (t) generated per
well per year can be modelled as a Poisson point process (Benjamin&Cornell, 1970) with

probability distribution in Eq.1, with mean rate of event 4 in the interval (0, t).
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P(N(t) =n)=e >0

e A" n (1)
n! ’

The choice of a Poisson process lays in the fact that the available data consist of
independent observations of maxima pit sizes at failure. This extreme type of defect is
more correctly assimilated to shock loads in terms of occurrence (Poisson) rather than to
a gradual degradation (increments) which instead should be modelled with Gamma
process (Singpurwalla, 1997, Pandey et al., 2005). In addition, any peak over threshold
approach, which would reduce uncertainty in the defect simulations with respect to the
block maxima approach, (van Noortvijk et al, 2007), would converge to a Poisson process
as the data consist of maxima over a selected threshold of pit size.

For both fields the occurrence of pits increases over time (see Figure 2 and Figure 3).
Therefore, a linear function for the parameter A is fit over time such that A(t) = a + bt,

with constants a and b listed in Table 3.

Maxima pit size distribution

Maximum likelihood algorithm (MLE) is used to estimate probability distribution
parameters for the maximum pit size. The data (Figure 4 and Figure 5) show an evident
bi-modal trend. Therefore, a two-component Gaussian mixture as in Eq.(2) is chosen. The
calibrated parameters are listed in Table 4, where @; represents the Normal distributed i-

th component and ; its weight.

2
F(dy) = ) m- @y(d,) )
i=1

To obtain faster convergence of the MLE, the standard deviation is constrained to be the
same for all the components (see Table 4).
Due to the limited number of data points, any variation over time of the parameters of the

distribution of pit sizes is omitted at this stage.
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Maxima values of operating pressure

The probability distribution of operating pressure is calibrated on records from the gauges
located at bottom head (BHP) and top head (THP) inside the wells. In Figure 6, the
empirical marginal density functions of yearly maxima of the pressure at Top (THP) and
Bottom (BHP) Head for Field 1 and Field 2 is depicted. As expected, BHP and THP show
to be good correlated in both Fields. No significant variation over time of yearly maxima
value is observed over 15 years of operation.

A Weibull marginal distribution is chosen (Eq.5) to model THP and BHP, on basis of
best fit of data in the tails. The parameters are listed in Table 5 and Table 6, for Field 1
and Field 2 respectively.

In addition, two Normal distributed independent components wy and wp are added to
simulate the fluctuation over time of the THP and BHP ( Egs.(3) & (4)). The two Normal
components have zero mean and standard deviation equal to the sample standard

deviation of THP and BHP (i.e. simple Gaussian increment, see Egs.(6) & (7)).

THP(t) = Wen + 07 (1) (3)

BHP(t) = Wy + wp(t) 4)
_P2(D p2—1 p \P2 (5)

Wthp,bhp = E (E) €xp <— E)

wr = N(0,08,,) (6)

wp = N(O' O—t?hp) )

Failure model, reliability analysis and evaluation of the maintenance strategy

The developed probabilistic model for corrosion is used for reliability analysis of one oil
producer (tubing) with the aim of evaluating the best maintenance strategy between
corrective maintenance (most used in O&G companies) and condition based maintenance
(with perfect information). Main difference between corrective and condition based
maintenance consists in the planning of workover operations (i.e. complete renewal of

the tubing). In a corrective maintenance strategy, workovers are executed upon the
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occurrence of the tubing failure, generally detected due to an anomaly in the wellhead
functioning (e.g. pressure). In condition based maintenance, the workover is planned after
an inspection where a detection is made of one or more corrosion pits exceeding a defined
threshold.

The evaluation of the condition based strategy is made for two fixed inspection interval
of 3 and 10 years and considering thresholds of pit size to thickness ratio of 60% and
80%. These values are chosen on the basis of requirements in Norsok Y-002 and DNV-
GL/ST-F101, which indicate a minimum safety factor of 1.1 and 1.3 (high consequence
class) respectively, with material partial safety factor of 1.15. On this basis, from the
cumulative distribution of the pit size at burst (Figure 8-right), the corresponding
thresholds of 80% and 60% are computed corresponding to the safety factors of 1.1 and
1.3.

Production tubing subject to internal corrosion, exhibit two main failure modes: leak due
to pit growth to full thickness and burst due to reduced pressure capacity at the section
contouring the defect (pit).

Several criteria are available to calculate the residual pressure capacity p.(t) at localized
defects (Ahammed, 1996, Yong et al., 2001, Ossai et al., 2016). In absence of detailed
information regarding the shape of the pits, the assumption of near rectangular pit with
mean value of length [ equal to 2d,, is made, while the effect of width of the defect can
be neglected (Netto et al., 2005). In Eq.(8) and (9), g, and of represent respectively the
hoop stress at failure and the flow stress. The latter is a function of the material yielding

stress as in Eq.(9) with the factor my ranging values 1.10+1.15 (Ahammed, 1996). The

concentration of stresses around a defect on the tubing surface is taken into account using

the bulging or Folias factor M (Eq.(11), Yong et al., 2001 ).
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Two limit states functions describing leak and burst over time can be defined (Eq.(12)
and Eq.(13) respectively). In Eq.(13), p.(t) indicates the residual capacity of the tubing
with a defect and p,(t) indicates the service pressure at time t. The two mechanisms are

considered to act in series.

(X, t) =t — d,(2) (12)
gb(X' t) = pc(t) - ps(t) (13)

The tubing is modelled as a series system of sections containing a defect with changing
dimensionality according to the number of sampled defects N(t). A deterministic
distance between top and bottom gauge is assumed (L=7000ftMDRT) and the location of
maximum pit generated is considered uniformly distributed in the range 0-1000ftMDRT
(approximation based on data observation).

The operating pressure pg(x;, t) at location x; of the pit i is considered linearly depending

on the values THP and BHP as in Eq.(14).

(14)

Xi

ps(xit) = (F=) [THP(©) — BHP(©)

Figure 7 illustrates the simulation model and the simplified tubing geometry utilized. The
variables of the probabilistic model are summarized in Table 7. The reliability analysis is
the performed with crude Monte Carlo for four cases:

. Field 1 with tubing 4.5inc;

. Field 1 with tubing 5.5inc;

. Field 2 with tubing 4.5inc;
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. Field 2 with tubing 5.5inc.

Results of the numerical analysis and comparison of two maintenance strategies

The results of the numerical investigation comprise both reliability analysis and the
evaluation of the two maintenance strategies. No occurrence of pure leaking failure is
found, as it is rather the local bursting, due to the reduced resistance of the corroded
tubing, to cause the creation of a hole and the leak of produced fluids.

In Figure 8, the cumulative probability distribution (CDF) of pressure (left) and pit size
[in] at burst (right) are depicted. As expected, burst failure occurs with non negligible
probability even for small pit size in the case of small tubing diameter (D1=4.5in) while
the larger tubing (D2=5.5in) would generally fail for larger pits. A minimum threshold of
10% of wall thickness can already cause the failure in all considered cases. This is
consistent with most O&G regulations imposing the evaluation of the safety level and
corresponding maximum allowed operating pressure for corrosion defect of 10-80% of
wall thickness (ASME-B31G,1991). In addition, D1 tubing in Field 1(gas lifted) shows
high burst probability in the interval 10-30% pit depth to wall thickness ratio. Tubing D2
located in Field 2 (not gas lifted) shows high probability for lower values of depth to
thickness ratio in combination with a higher reliability index, thus indicating that the
failure of this tubing occurs only for high value of operating pressure (in the upper tail of
pressure probability distribution). This is evident when looking at the cumulative
probability distribution of the pressure values at burst event (Figure 8-left), showing that
for D2 in Field 2, burst occurs with higher probability at higher values of pressure.
Figure 9, Figure 10 and Figure 11 depict the cumulative probability of failure over the
30yrs life time and the reliability index for the cases considered. As expected, failure
probability is increasing over time with slower increase for Field 2. This is the effect of

both a smaller number of detected pits in Field 2, symptom of slower corrosion rate, and
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a higher uncertainty in the pit size and occurrence for Field 1. The failure probability and
correspondent reliability index do not change significantly for the two maintenance
strategies, neither for the two inspection intervals (3&10yr) for the condition based
strategy (Figure 10, Figure 11). However, the gradient of failure probability is smaller for
condition based policy, indicating that this strategy allows for a slower degradation of the
tubing and smaller uncertainty. In particular, the smaller threshold for the defect size
(60%) leads to a slightly higher reliability especially in the early stage of lifetime, where
pits detected are more likely to be smaller than 80% of thickness and therefore the renewal

of the system becomes more frequent.

The total costs per year for corrective and condition based maintenance strategies are
evaluated. The influence of the discount rate and ratio between failure cost and workover
cost is investigated. The evaluation of the discount rate in the appraisal of O&G
investments is a complex task, which involves knowledge of the oil-field and company
market value, company tax rate, market value of the interest-bearing debt of the company,
etc. (Smith, 1999). Due to lack of detailed information, the values of 5%, currently most
used rate in investment appraisal for O&G (Weijermars, 2013), and 11%, common risk
adjusted rate in O&G(Smith, 1999) are used.

Workover costs might vary largely, depending on duration of operations and severity of
damage. Indeed, there might be little difference between workover and failure costs, as
the only possible repair is to substitute the full completion, and the cost of the rig per day
is the major cost voice. Therefore, when cost of failure and cost of workover are
comparable, a little difference in the life cycle costs among strategies is expected. When
cost of failure largely differs from workover costs, a trade-off might be visible when

comparing maintenance strategies. This is confirmed by the results of the simulations
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(Figure 12 and Figure 14). In the following, for reason of conciseness, results are
illustrated for Field 1 only, but same trend is found for Field 2.

The annual discounted cost of maintenance shows no difference among the strategies in
the early lifetime with a bifurcation of the curve, which back-shifts when the discount
rate increases and when failure costs are significantly larger than workover costs
(F=100WO) (Figure 14, Figure 15). When failure costs and workover costs are
comparable (F=3WO) (Figure 12, Figure 13) the cost per unit of time for the two
maintenance strategies is almost the same with a slight gain choosing the condition based
strategy with 10yrs inspection interval and 60% defect size to thickness ratio as
acceptance threshold, as this allows for slightly higher reliability. The 80% threshold
shows to be too high and results in terms of costs for this choice converge to the corrective
maintenance (Figure 13).

For failure and workover cost of comparable magnitude, the annual cost of maintenance
reaches a steady state value after 15yrs. For failure costs largely exceeding workover
costs, the difference among the strategies becomes more evident with a cost curve

resembling the classic failure bathtub curve (Figure 14, Figure 15).

Conclusions

The prediction of service life of tubing in offshore oil&gas production wells presents
several challenges due to the specific operational condition and exposure to chemicals
that vary from well to well, even in the same production field. Herein, results from the
feasibility study for the application of condition based asset management is presented.
Data has been collected for two fields: Field 1, characterized by gas lifted production and

higher corrosion rate; Field 2, operated without gas lifting and with slower corrosion rate.
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Results of the numerical analysis showed that gas lifted fields clearly exhibit higher
probability of tubing failure due to the interaction of corrosion mechanisms weakening
the tubing resistance with the pressure gradient caused by the gas-lifting procedure. For
gas-lifted fields tubing with small diameter and thickness are not advised.

Expected costs per unit of time in corrective and condition based maintenance policies
shows negligible difference in the early life (up to 10years). The cost reduction in
condition based maintenance becomes more evident with the increase of life span of the
asset, showing how it allows for both cost reduction and extension of the lifetime of the
asset, whereas the value of the field is still of economic interest.

In particular, results demonstrated how for assets with repair (workover) costs much
smaller than failure costs, the benefit from choosing a condition based maintenance policy
is evident. In assets such as oil&gas wells, the workover costs are often comparable to
the failure costs, making more difficult to evaluate the optimal maintenance strategy,
which will likely be a combination of corrective and condition based policies.

It must be highlighted that the available data allowed only to estimate occurrence and size
of pit maxima leading to a series of limitation in the results. First, an underestimation of
the failure probability might be possible, because the effect of the resistance reduction of
the tubing caused by smaller but more numerous pits (i.e. clusters and geometry effects)
is neglected. This underestimation may be affecting mostly the assessment of Field 2,
where the damage of smaller pits may cause more failures than evaluated with this model,
while for Field 1, due to the higher operating pressure, this effect may be irrelevant as it
could be hidden in the burst failure mode. Indeed, discarding pit geometry by using only
pit penetration depth simplifies the problem by reducing its dimensionality, but does not
allow to take into account for area losses neither to estimate the number of pits per unit

area and the local effect of pit clusters. Therefore, the use of full available information
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collected during inspections shall be used (all pit measurement of depth and full
geometry). This in combination with adequate information on the uncertainty of
measurement from the caliper, would certainly allow for the optimization of inspection
intervals and of the best maintenance policy, bespoke for each production field. In
addition, a sensitivity analysis on measurement uncertainty and on estimates of future

production (economic value of the field) could be of interest for further analysis.
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Tables & Figures

Table 1 Overview of probabilistic distribution used in corrosion modelling

Author pith depth number of pits time spatial

generated/area variation variation
Williams et al. x non-homogenous v x
(1985) Poisson
Laycock et al. (1990) GEV Exponential Mean and standard x

deviation of GEV
Scarf&Laycock GEV GEV Power law for mean X
(1996) and parameters
Turnbull (1993) Exponential X Power law for X
GEV parameter
GEV parameters
Melchers (2003d) GEV Weibull Decreasing rate of pit Poisson
generation over time
Melchers (2005a,b) Normal & X Parameters vary over X
Weighted time
Normal
Engelhardt& Gumbel type | Poisson Non homogenous Poisson
Macdonald (2004), Poisson
Isogai et al. (2004) GEV Poisson X X
Valor et al. (2007) GEV Gumbel X X
Caleyo et al (2009) GEV X X X
Jarrah et al. (2011) Generalized Poisson Mean value of GLD Poisson
Lambda

Zhang et al (2012) Normal X X
Zhang&Zhou (2014) Weibull Gamma Bayesian Updating




544  Table 2 Normal distribution parameters for initiation time in years
Case u o
Field 1 OP-4.5in | 2.80 0.50
Field 1 OP-5.5in | 3.58 0.76
Field 2 OP-4.5in | 3.03 1.26
Field 2 OP-5.5in | 1.96 0.26

545

546  Table 3 Constants calibrated on the data for the linear function A(t)
Case a b
Field 1 OP-4.5in | -0.0093  0.004
Field 1 OP-5.5in | -0.0098  0.0041
Field 2 OP-4.5in | -0.00038 0.0018
Field 2 OP-5.5in | -0.0013  0.002

547

548  Table 4 Gaussian mixture model parameters
Case Ncomp weight p [in] o [in]
Field 1 oN 0.2727 0.0727 0.4126-10*
OP-4.5in D, 0.7273 0.0196 0.4126-10*
Field 1 D, 0.8030 0.0422 2.811-10*
OP-5.5in D, 0.1970 0.1130 2.811-10*
Field 2 D, 0.7877 0.0239 0.630-10*
OP-4.5in D, 0.2123 0.0722 0.630-10*
Field 2 D, 0.8618 0.0390 3.136:10*
OP-5.5in D, 0.1382 0.1273 3.136:10*

549

550

551  Table 5 BHP and THP parameters (in psi) of the marginal distributions for Field 1 with
552 correlation coefficient p

Variable Symbol Distribution pl p2 p
Pressure Yearly maxima | BHP WB 2506.7 3.012
w, THP WB 1731.8 1.465 | 0.388

553
554  Table 6 BHP and THP parameters (in psi) of the marginal distributions for Field 2 with
555  correlation coefficient p

Variable Symbol Distribution p1l p2 p

Pressure Yearly maxima | BHP WB 2879 4.409

w, THP WB 1437 2.483 | 0.415
556
557  Table 7 Stochastic variables of failure model

Variable | Symbol Distribution u C.0.V.

Initiation I See Table 2 - -

Time

Pit depth d, See Table4 - -

[in]

Diameter D Deterministic 4.5 -

[in] 5.5 -

Nominal th Deterministic  0.271 -

wall 0.361

thickness

[in]




Bi-modal/Non-linear

-

. Constant linear
i increasing rate at
i end of life

-
-

Exposure

Pit length / Normal 2d, 0.05
[in]
Factor my mys LogN 1.1 0.05
Material ay LogN 80000  0.05
Yield
stress
[psi]
Fluid Ds See Table 5 - -
Pressure & Table 6
[psi]
Gaussian Wy Normal 0 0.56
increment 0.48
Gaussian wp Normal 0 0.58
increment 0.25
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562  Figure 1. Phenomenogical evolution of corrosion losses (Melchers, 2003a)
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R
10 210
Field1-D1-comr-11%
----- Field1-D2-com-11%
s Ficld1-D1-cond60%-3yr-11%
2 Field1-D2-cond60%-3yr-11% 2
B Field1-D1-cond60%-10yr-11% =
=R N Field1-D2-cond60%-10yr-11% | &
= z
5 5
a 4r o
Z Z
&} &}
2 |
0 1 L 1
0 5 10 15 20 25 3¢

10

[

x10*

Field1-D1-corr-11%
Field1-D2-corr-11%
Field1-D1-cond80%-3yr-11%
Field1-D2-cond80%-3yr-11%
Field1-D1-cond80%-10yr-11%

Field1-D2-cond80%-10yr-11% |

Figure 13 Cost per unit of time for corrective (corr) and condition based maintenance
(cond) at 3yr and 10yr inspection interval with threshold of defect size at 60% (left) and
80% (right) thickness, 11% discount rate and Fc =3*WO

%10

5

6

w =~ w
T T

Cost per unit of time
(3]

Field1-D1-corr-5%

----- Field1-D2-corr-5%
Field1-D1-cond60%-3yr-5%
Field1-D2-cond60%-3yr-5%
Field1-D1-cond60%-10yr-3%
----- Field1-D2-cond60%-10y1-3%

time

Figure 14 Cost per unit of time for corrective (corr) and condition based maintenance
(cond) at 3yr and 10yr inspection interval with threshold of defect size at 60% thickness,
5% discount rate and Fc =100*WO



601

602
603
604
605

x 10

—
I~

Fieldl-D1-corr-11%

----- Field1-D2-corr-11%
Field1-D1-cond60%-3yr-11%
Field1-D2-cond60%-3yr-11%
Field1-D1-cond60%-10yr-11%
----- Field1-D2-cond60%-10yr-11%

—
)
T

—
(=}
T

Cost per unit of time
(=2

Figure 15 Cost per unit of time for corrective (corr) and condition based maintenance
(cond) at 3yr and 10yr inspection interval with threshold of defect size at 60% thickness,
11% discount rate and Fc =100*WO



	Introduction
	Phenomenology of corrosion process
	Choice of probabilistic distribution in corrosion modelling

	The DHRTC research activity on North Sea oil production wells
	Analysis of survey data and probabilistic model calibration
	The pit maxima occurrence
	Maxima pit size distribution
	Maxima values of operating pressure


	Failure model,   reliability analysis and evaluation of the maintenance strategy
	Conclusions
	References
	Tables & Figures

