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Abstract: We address the effect of spatial variability of corrosion on the reliability
of ship structures conditional on inspection results. We apply a hierarchical spatial
model to model the spatial variability of corrosion. To tackle the high-dimensional
reliability and Bayesian updating problem, which arises from the spatial corrosion
model, computations are performed by the BUS approach in combination with sub-
set simulation. To reduce computation time in the evaluation of the time-dependent
reliability, we propose to perform subset simulation in reverse chronological order.
A series of numerical investigations is performed to investigate the effect of differ-
ent spatial corrosion models, as well as the inspection coverage, on the resulting
reliability.

1 Introduction

The integrity of ship structures is subject to significant uncertainty associated with deterioration
processes, among which corrosion loss is the most common and often the most critical one [6].
Corrosion phenomena relevant to ship structures are uniform (general) corrosion, pitting corro-
sion, crevice corrosion and galvanic corrosion [12]. Uniform corrosion, which is the focus of
this contribution, can reduce the structural capacity by a widespread reduction of plate thick-
ness, leading to a loss in cross section. It is influenced by a variety of factors, such as age, type,
cargo type, area of operation. These factors vary among ships and among position and type of
elements within a ship structure. For example, the bottom shell exposed to sea water or a tank
with corrosive cargo are more vulnerable to corrosion than other elements in the ship. Empirical
models are available to describe the corrosion progress [5, 8, 16, 17]. Considering the signifi-
cant uncertainty associated with the many influencing factors and their effect, such models
should be formulated probabilistically.

To manage corrosion and the associated uncertainties, inspections are carried out regularly on
ship structures. Inspection results reduce uncertainty and facilitate efficient repair and replace-
ment of corroded elements. Because inspection results are necessarily incomplete and subject
to uncertainty, they should be described in a probabilistic format. These can be achieved in a
Bayesian framework, in which the prior corrosion model is combined with information from
the inspections [4].

In this study, we apply a hierarchical spatial model following [13] to describe corrosion in a
mid-ship section. Failure of a mid-ship section is taken as the relevant limit state. The reliability
is computed conditional on inspections of the structure through plate thickness measurements.
We thereby investigate the effect of the spatial dependence on the updated reliability. Compu-
tations are performed by means of the BUS approach with Subset Simulation [21], which can



handle Bayesian analysis and reliability updating with a large number of random variables, as
encountered when modeling spatially variable properties. To enhance computational efficiency,
we propose to calculate conditional probabilities in reverse chronological order, which allows
reusing samples generated in the previous time steps. We furthermore apply spectral decompo-
sition to reduce the dimensionality of the problem.

In a numerical example, the framework is applied to calculating the probability of flexural fail-
ure of the mid-ship section of a tanker. We compare the results obtained with varying spatial
corrosion models, to investigate the effect of modeling assumptions. To demonstrate the effec-
tiveness of the framework, we compute results for varying number of inspected elements. Be-
sides enabling a better use of inspection results, the proposed approach can potentially also be
used for improved planning of inspections, in which the spatial dependence is accounted for.

2 Modelling Spatial Variability of Corrosion in Ship Structures

2.1 Remaining Thickness of Plate Under Corrosion

We express the remaining thickness w of a plate at time ¢ asw(t) = w, + M — D(t), where
wy is the design plate thickness, M is the thickness margin, and D is the corrosion depth. The
plate is the basic element, and we do not further consider the variability of uniform corrosion
within the plate.

The corrosion depth D(t) is calculated with a bi-linear corrosion model, in which the corrosion
loss is zero if t is smaller than the coating life C; and increases at a constant rate afterwards
[19]. The corrosion rate, the coating life and the thickness margin M are modeled as lognormal
random variables [13].

2.2 Hierarchical Representation of Corrosion in a Ship Cross-section

Spatial dependence of corrosion in ship structures has previously been addressed by grouping
structural elements depending on location and type (e.g. bottom shell, side shell, deck plating),
and representing each group by separate parameters [1, 3, 12]. In [13], a hierarchical Bayesian
model was proposed for predicting corrosion progress, which hierarchical levels being e.g.
fleet, frame, compartment and structural element (Figure 1). The correlation between two plate
elements is a function of the level of hierarchies that is shared by the two plates. At the lowest
hierarchical level, a random field describes the dependence between two plates within the same
compartment. This model is capable of representing spatial dependence depending on location,
type and mutual distance of elements.
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Figure 1: Hierarchical structure of the spatial corrosion model taken from [13].



In this study, we describe the spatial dependence of corrosion process in a mid-ship section
following the hierarchical model as implemented in [11]. Four hierarchical levels are defined:
frame, cell, structural element, and single plate element (e.g. stiffener, web, plating). For sim-
plicity, the same hierarchical model represents spatial dependence of the corrosion rate R, the
coating life C; and the thickness margin M.

Figure 2 illustrates the effect of spatial dependence through random realizations of corrosion
loss in a mid-ship section, where the variation of line color indicates how much the simulated
corrosion loss deviates from the average corrosion loss. Figure 2(a) and (b) show realizations
obtained with the hierarchical model, with different degrees of dependence (details in section
5.1). For comparison, a random realization of the case with independence among corrosion in
the individual elements is included, which is clearly unrealistic. Finally, Figure 2(d) shows a
random realization following the classical approach of considering spatial variability of corro-
sion in ship structures [3], wherein the cross section is divided into groups of elements (e.g. 8).
Each group is characterized by a single random variable, implying full dependence within the
group. Different groups are modeled as independent.

To reduce the dimension of the random variable vector, we employ a spectral decomposition
of the correlation matrixes describing the spatially distributed corrosion rate, coating life and
thickness margin. The number of eigenvalues is selected to ensure that more than 99% of total
variability is captured by the approximation.
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Figure 2: Realizations of thickness reduction due to corrosion with different spatial dependence.

3 Load and Resistance Models

3.1 Ultimate Bending Moment Capacity

Loss of steel by corrosion leads to a reduction of moment capacity. We calculate the ultimate
moment capacity M, of the hull girder section based on the incremental curvature method de-
scribed in the IACS guideline [10]. We combine this method with the optimization scheme of
[14] to reduce computational cost. Uncertainties in corrosion depth, Young’s modulus, and
yield stress are considered when computing the probability distribution of the ultimate moment
capacity.



3.2 Vertical Bending Moment

The vertical bending moment acting on the hull girder section is calculated as the sum of stillwa-
ter moment and wave-induced moment, which are functions of ship size, operational condition,
cargo history, sea states and additional parameters. The stillwater bending moment My, is here
represented by a normal distribution [3, 7, 9, 15, 24]. Based on [7], mean value and standard
deviation are defined as pg,, = 0.70My,, 4 and o, = 0.20M,, 4, Where M, 4 is the design
stillwater moment calculated with TACS guidelines [10]. The extreme wave-induced moment
M,,, is modeled by the Gumbel distribution with scale parameter a,,,, and location parameter
b,,, determined following [7]. Details on the calculation of the bending moment can be found
in [11].

3.3 Limit State

In this study, flexural failure of a cross-section due to bending moment is taken to define the
limit state, which is defined as follows:

g(xi t) = XuMu(XSﬁ t) — XswMsw — Xwo My (1)

X is the vector of random variables affecting the ultimate moment strength; X,, represents the
model uncertainties associated with ultimate moment strength calculation; Xj,, and X,,,, are the
model uncertainties related to the stillwater and wave-induced moment load calculations.
Model uncertainties are described by normal distributions following [15]. All random variables
are combined in the vector X = [Xg, Xy, Xow» Xwv» Mgy, My, ]T. A failure domain Qp is defined
by the failure limit state function as Qp = {g(X; t) < 0}.

4 Bayesian Updating

4.1 BUS Approach with Subset Simulation

In Bayesian analysis, the measurements are expressed by a likelihood function. In this study,
the observation event is a set of plate thickness measurements w,,,. We assume additive meas-
urement error €, so that the measurement at element i and time t is related to the true plate
thickness w;(t) by wy, ; (t) = w;(t) + €;(t). Measurement errors are modelled as independent
normal random variables with zero mean and standard deviation a,, i.e. €;(t)~N (0, g.). The
resulting likelihood function is:

N N )
L(Xs) = 1_[ 1_[ LL- (XS' t) = 1_[ 1_[ eXp I_ % (Wa,i (Xst ti— Wm,i (t)) ] (2)
t i=1 t i=1 €

where N is the total number of inspected elements, w,, is the remaining plate thickness predicted
with the implemented models. Following the BUS approach (Bayesian Updating with Struc-
tural reliability methods) proposed in [20 - 22], the likelihood function L describing Z can be
cast into a structural reliability framework, by defining the observation limit state function:

h(Xs, Up) = Uy — @7 [cL(Xs)] (3)

U, is a standard normal random variable, ®~? is the inverse standard normal cumulative dis-
tribution function, and c is a positive constant that can be chosen following [21]. It should be
noted that only the random variables X which affect a remaining plate thickness are included



in the observation limit state function. The observation limit state function defines a corre-
sponding observation domain Q; = {h(X,, Uy) < 0}. The updated failure probability condi-
tional on the observation event Z can be calculated as:

Pr(F N 2)  Jxuperapnay xX)dXdu

D = "o Fu(X)dXdu
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To solve Eq. (4), we employ subset simulation [2]. This method expresses the failure event as
the intersection of nested intermediate events and the probability of failure is evaluated through
as product of (larger) conditional probabilities of these intermediate events. Because of the con-
ditioning on Z, the classical subset simulation is modified and the conditional probability of
failure is expressed as:

M
= | [preE1r = pl1pw (5)
i=1
F; is the intersection of the intermediate failure event F; as used in classical subset simulation
and the observation event, F;' = F; N Z. Therefore, the subset simulation starts with samples
conditional on Z, since Fj = Z. The parameter p, = Pr(F;|F;_;) is taken as 0.1; py =
Pr(Fy|Fy—1) is the conditional probability of failure computed in the last subset M. Details on
the algorithm can be found in [22]. The adaptive MCMC algorithm proposed in [18] is used to
improve the accuracy and efficiency of subset simulation.

4.2 Computing Reliability in Function of Time

The conditional probability of failure is computed in function of time ¢. The structural capacity
of the ship reduces with time because of corrosion, which affects the probability of failure. To
reduce computational effort, we propose to compute the reliability in different time steps se-
quentially, starting from the last time step.
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Figure 3: Limit state surfaces describing failure at different times t, where failure occurs when corrosion
exceeds the plate thickness wy = 40mm. The limit state functions are g(r,cr) = 40mm — r(t — cy),
which potentially corresponds to Eq. (1). The black dots show Monte Carlo samples of R and Cr.

To illustrate the idea, Figure 3 shows failure domains for a simple deterioration limit state at
different times. Clearly, the failure domain at time 71 is a subset of that at time z. This property
can be exploited in subset simulation, by computing the failure probabilities in reverse time
order. The probability of failure at time step t can be written as Pr(F;) = Pr(F;|F;,1) Pr(F,1).



Hence, it is sufficient to compute Pr(F;|F;,;), and the samples conditional on failure in time
step t + 1 are available as seeds for this computation.

S5 Numerical Investigation

5.1 Problem Definition

A mid-ship section of a tanker described in [11] is investigated. The main parameters of the
tanker are: length L=255m, breadth B=57m, height H=31.1m, block coefficient C5=0.842,
mean value of the Young’s modulus E =207,000MPa, mean value of the yield stress
0,=353MPa. The considered cross-section consists of 400 stiffened plate elements, and each
of them consists of plating, stiffener and web, leading to a total of 1,200 basic elements.
Corrosion parameters are assigned in function of 8 distinct groups, in function of the location
within the cross section. The corrosion rate R is modeled through lognormal random variables
whose mean values are in the range 0.06 — 0.34 [mm/year], and whose C.0.V.s are 0.1 or 0.5.
The coating life C; is modeled by lognormal random variables with mean value equal to 5 years
and C.0.V. 0.40. Details on the probabilistic modeling of the corrosion is provided in [11].
The hierarchical spatial model is defined with three levels: cross-section (level 1), cells (level
2) and structural element types (level 3). All basic elements are assigned to the hierarchical
levels based on their location and type. For illustration purposes, we define a weak and a strong
spatial dependence model, whose properties are summarized in Table 1. These models are com-
pared to the classical approach, in which each corrosion parameter is represented by 8 random
variables assigned to each of the 8 corrosion groups. In addition, we consider a model with all
elements treated as independent.

Table 1: Correlation at each hierarchical level defined for two spatial dependence cases

Hierarchical level Weak dependence Strong dependence
Level 1: Frame 0.04 0.10
Level 2: Cell 0.19 0.32
Level 3: Struct. elem. 0.53 0.70

5.2 Reliability Updating with Thickness Measurements

A set of hypothetical thickness measurement data is generated through a Monte Carlo simula-
tion based on the prior probabilistic models and the strong dependence case (Table 1). Meas-
urement uncertainty is represented by a normal distribution with o.=Imm. Inspections are
performed in years 5, 15 and 25, at selected locations indicated in Figure 4.

Subset simulation is carried out with 1,000 samples per subset level. Calculations are repeated
10 times to estimate the sampling variability. Through the spectral decomposition, the 1,200
random variables representing each of the corrosion parameters are compressed to 50 random
variables in the case of the weak spatial dependence model and to 33 random variables in the
case of the strong dependence model.

5.2.1 Effect of Spatial Dependence Model

We first perform an analysis considering inspection of 6 elements (Table 3). The resulting fail-
ure probabilities are shown in Figure 5. One can clearly observe the effect of the inspection in



later years in the case of the weak and the strong spatial dependence model. The classical ap-
proach leads to smaller changes in the probability of failure with inspection outcomes. As ex-
pected, when considering plates as independent, no change in the probability of failure is
observed, because the inspections provide information only about the 6 inspected basic ele-
ments (out of 1,200).
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Figure 4: Configuration of inspected elements among cross-section
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Figure 5: PoF conditional on the thickness measurements under varying spatial dependence assumptions

The sampling variability of the estimated probability of failure (PoF) is shown in Figure 6 and
Table 2. The C.o0.V. of the PoF estimate increases with decreasing probability of failure and
with increasing number of inspections. The latter effect occurs because additional data leads to
a smaller Pr(Z) and therefore to an increased number of subsets.
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Figure 6 Sampling variability in the PoF estimates for different spatial dependence models. The solid line shows
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Table 2: C.o.V of PoF at selected years

Time [yr] | Independence Weak dep. Strong dep. Classical
P(F) [P(F2) | P(F) | P(FZ) | P(F) | P(F|z) | P(F) [ P(F]2)
24 0.27 0.62 0.27 0.78 0.21 0.40 0.23 0.53
25 0.26 0.46 0.24 0.79 0.16 0.58 0.25 0.51
30 0.22 0.47 0.21 0.62 0.15 0.73 0.12 0.37

5.2.2 Effect of Number of Inspected Elements

We analyse the effect of number of inspected elements on the conditional failure probabilities.
We consider three different sets of inspected elements following Table 3 and Figure 4. The
results are presented in Figure 7. Inspecting more elements provides more information, leads to
a stronger reduction in uncertainty and on average results in reduced conditional failure proba-
bilities. However, this must not necessarily hold for specific outcomes. For unfavourable in-

spection outcomes, the PoF can even increase compared to the prior probability of failure.

Probability of failure

Table 3: Elements chosen for inspection for three case studies

Inspection variable

# of inspected elements

3 elements 7,12, 13
6 elements 1,3,7,9,12, 13
13 elements 1-13

(a) strong dependence

777777 Inspect 3 clements

--------------- Inspect 13 elements

Without inspection

- Inspect 6 elements

,,,,,

5 10 15 20 25 30
Time, 7 [year]

(b) classical approach

Without inspection

ispect 3 elements

ispect 6 elements

--------------- Inspect 13 elements

Probability of failure

0 5 10 15 20 25
Time, 7 [year]

Figure 7: PoF with different number of inspected elements.
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6 Summary and Conclusions

We investigate the effect of explicitly modeling the spatial variability of corrosion processes in
ship structures in the context of reliability analysis and reliability updating. We apply the BUS
approach with subset simulation for reliability updating, which can handle efficiently the large
number of random variables arising from the modeling of spatial variability. Even after per-
forming a spectral decomposition of the corrosion parameters, the number of random variables
is in the order of 100-200. To further enhance the computational efficiency, we implemented a
chronologically reverse computation of the probability of failure, exploiting the fact that the
failure domain at time t is a subset of the one at time t + 1.

To understand the effect of different assumptions in the spatial modeling of corrosion, we com-
pare the results obtained with different dependence models. Neglecting spatial dependence (ei-
ther by assuming full correlation or independence) leads to unrealistic assumptions.
Furthermore, there are clear differences among the results obtained with the different depend-
ence models, but further numerical investigations are necessary to make general conclusions.
It is also necessary to extend the current investigation to consider all critical cross sections in
the ship jointly. Such investigations are a straightforward extension of the study presented here.

Acknowledgement

This work was supported by the EU under the FP7 program through the SAFEPEC project.

References

[1] Akpan, U. O., Koko, T. S., Ayyub, B., Dunbar, T. E. ‘Risk assessment of aging ship hull
structures in the presence of corrosion and fatigue’, Marine structures, Vol. 15, No. 3, pp.
211-231, 2002.

[2] Au, S. K., Beck, J. L. ‘Estimation of small failure probabilities in high dimensions by
subset simulation’, Probabilistic Engineering Mechanics, Vol. 16, No. 4, pp. 263-277.

[3] Deco, A., Frangopol, D. M., Okasha, N. M. 2011. ‘Time-variant redundancy of ship struc-
tures’, Journal of Ship Research, Vol. 55, No. 3, pp. 208-219, 2001.

[4] Garbatov Y, Guedes Soares C. ‘Bayesian updating in the reliability assessment of main-
tained floating structures’. Journal of Offshore Mechanics and Arctic Engineering,
124:139-145, 2002.

[5] Garbatov, Y., Guedes Soares, C., Wang, G. ‘Nonlinear time dependent corrosion wastage
of deck plates of ballast and cargo tanks of tankers’. Journal of Offshore Mechanics and
Arctic Engineering, Vol. 129, No. 1, pp. 48-55, 2007.

[6] Gardiner, C. P., Melchers, R. E. ‘Corrosion analysis of bulk carriers, Part I: Operational
parameters influencing corrosion rates’. Marine Structures Vol. 16, No. 8, pp. 547-566,
2003.

[7] Gaspar, B., Guedes Soares, C. ‘Hull girder reliability using a Monte Carlo based simula-
tion method’, Probabilistic Engineering Mechanics, Vol. 31, pp. 65-75, 2013.

[8] Guedes Soares, C., Garbatov, Y., Zayed, A., Wang, G. ‘Corrosion wastage model for ship
crude oil tanks’. Corrosion Science, Vol. 50, No. 11, pp. 3095-3106, 2008.



[9]

[10]

[11]

[12]

[13]

[14]

[15]
[16]

[17]

[18]

[19]

[20]
[21]
[22]
[23]

[24]

Herte, T., Wang, G., White, N. ‘Calibration of the hull girder ultimate capacity criterion
for double hull tankers’, Proceedings of 10th International Symposium on Practical De-
sign of Ships and Other Floating Structures, American Bureau of Shipping, Houston, TX,
Vol. 1, pp. 553564, 2007.

IACS. 2015. Common Structural Rules for Bulk Carriers and Oil Tankers, International
Association of Classification Societies. Available at http://www.iacs.org.uk

Kim, H. J.and Straub, D. Quantifying the effect of inspections in ships considering the
spatial variability of corrosion. 2nd International Conference on Safety & Reliability of
Ships, Offshore & Subsea Structures(SAROSS), Glasgow, UK, 2016.

Melchers, R. E. ‘Probabilistic models for corrosion in structural reliability assessment—
Part 1: empirical models’. Journal of Offshore Mechanics and Arctic Engineering, Vol.
125, No. 4, pp. 264-271, 2003.

Luque, J., Hamann, R., Straub. D. ‘Spatial modeling of corrosion in ships and FPSOs’.
Journal of Risk and Uncertainty in Engineering Systems, Part B: Mechanical Engineer-
ing, 2016.

Okasha, N. M., Frangopol, D. M. ‘Efficient method based on optimization and simulation
for the probabilistic strength computation of the ship hull’, Journal of ship research, Vol.
54, No. 4, pp. 244-256, 2010.

Paik, J. K., Frieze, P. A. ‘Ship structural safety and reliability’, Progress in Structural
Engineering and Materials, Vol. 3, No. 2, pp. 198-210, 2001.

Paik, J. K., Kim, D. K. ‘Advanced method for the development of an empirical model to
predict time-dependent corrosion wastage’. Corrosion Science, Vol. 63, pp. 51-58, 2012.
Paik, J. K., Thayamballi, A. K., Park, Y. 1., Hwang, J. S. ‘A time-dependent corrosion
wastage model for seawater ballast tank structures of ships’. Corrosion Science, Vol. 46,
No. 2, pp. 471-486, 2004.

Papaioannou, 1., Betz, W., Zwirglmaier, K., Straub, D. ‘MCMC algorithms for subset
simulation’. Probabilistic Engineering Mechanics, Vol. 41, pp. 89-103, 2015.
Southwell, C. R., Bultman, J. D., Hummer, C. W. ‘Estimating service life of steel in sea-
water’. In: Schumacher M, editor. Seawater corrosion handbook. New Jersey: Noyes
Data Corporation, pp. 374-87, 1979.

Straub, D. ‘Reliability updating with equality information’. Probabilistic Engineering
Mechanics, Vol. 26, No. 2, pp. 254-258, 2011.

Straub, D., Papaioannou. I. ‘Bayesian updating with structural reliability methods’. Jour-
nal of Engineering Mechanics, Vol. 141, No. 3, 2015.

Straub, D., Papaioannou, 1., Betz, W. ‘Bayesian analysis of rare events’, Journal of Com-
putational Physics, Vol. 314, pp. 538-556, 2016.

Teixeira, A. P., Guedes Soares, C. 2008. ‘Ultimate strength of plates with random fields
of corrosion’, Structure and Infrastructure Engineering, Vol. 4, No. 5, pp. 363-370.
Teixeira, A. P., Guedes Soares, C., Chen, N. Z., Wang, G. ‘Uncertainty analysis of load
combination factors for global longitudinal bending moments of double-hull tank-
ers’, Journal of ship research, Vol. 57, No. 1, pp. 42-58, 2013.




