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tree according to a structural study of the tower, or they may choose the default option
series configuration, which leads to a strict definition of system failure.

Examples of reliability studies for structural applications may be found in references
1–12 of [24]. Here, we present a rationale to illustrate the suitability of this flexible structure
for computing the system reliability (see Figure 4). For a given measurement location,
the prognosis module estimates the local RUL due to (uniform) corrosion, which character-
izes the status of a delimited area of the tower. We may then define a section of the tower,
for which we can measure at multiple locations, and consider the tower as an arrangement
of sections with different weights or contributions to the system reliability. These weights
may be related, for instance, to structural properties such as load levels.

Figure 4. Illustration of computation of system reliability for the tower.

Figure 5 illustrates the computation of the system-level unreliability Q(t) for a system
with five components (i.e., measured locations). The component-level unreliabilities Q(t)
were obtained through the algorithms described in Section 3.2 for simulated corrosion
processes started at month ‘January 2010’ and described by (2) with different parameters
and noise levels. The shown prognosis data correspond to the estimated EOL for the
components at month ‘January 2038’. The system-level unreliability Q(t) is presented
for two different definitions of system failure: 3-out-of-5 and series configurations (for
which the tree structures definitions of Figure 3 are straight forward). From Figure 5,
it can be seen that indeed, the series configuration leads to the most conservative EOL,
with a 50th percentile at month ‘2040-01’ instead of the ‘August 2040’ obtained for the
3-out-of-5 configuration.

In the following section, the system-level prognosis distribution, resulting from the
algorithms above described, is handled by the Decision Support Tool.
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Figure 5. Component-level Top pane: Component system Unreliabilities Q(t) (top pane, 5 compo-
nents each depicted with a separate colour (including: blue, purple, orange, green, and red) and
Bottom pane: Resulting system-level unreliability Q(t); with two timeseries: the series weighting
of all component level unreliabilities (blue line) versus a weighting of the risk of failure of 3 out of
5 components (orange line), using the k-out-of-n: Good System Method. (blue line:) 5-out-of-5 (series
connection) gives a 50th percentile at month ‘January 2040’; (orange line:) 3-out-of-5 gives a 50th
percentile at month ‘August 2040’.

4. Decision Support Tool

This section presents the design of the Decision Support Tool (DST). More precisely, it
presents the proposed economical optimization algorithm.

4.1. Economical Optimization

Unlike other turbine components, for practical reasons, the tower as a whole cannot
be replaced, as related costs are prohibitively high, and often comparable to those of a new
installation. Therefore, the RUL with regard to structural corrosion of the turbine tower is
directly linked to the RUL of the wind turbine as a whole.

Most of the maintenance optimization algorithms in the literature start from the
assumption that a component can be replaced or restored to an initial fault free condition
(e.g., [25–30]). This is not the case for corrosion of the tower. Maintenance actions are
mainly focused on repairing the corrosion protective coating, which are local solutions,
very costly and even not practical in the case of an imminent failure in the splash zone.
The corrosion allowance may not be restored to its initial condition, and eventually, severe
corrosion can lead to the EOL of the turbine.

In this sense, the economical optimization should consider the complete lifetime
and economic value of the asset, as the fault phenomena under study affect directly
the total lifetime of the wind turbine. With focus on the optimization of the time of
decommissioning, we describe below the proposed economical optimization based on an
objective cost function that meets this evaluation criterion.

A first common metric, widely used in the wind energy sector, is the Levelized Cost
of Electricity (LCOE). It corresponds to the ratio of lifetime costs to lifetime electricity
generation, both of which are discounted back to a common year using a discount rate [2].
The lifetime costs may be classified as capital costs (CCAPEX), operational and mainte-



Wind 2022, 2 756

nance costs (COPEX), and decommissioning costs (CDECEX) [31], resulting in the following
expression for the LCOE:

LCOE(tD, tF) =
∑n

t=1
CCAPEX(t)
(1+rC)

t + COPEX(t,tD ,tF)

(1+rO)t + CDECEX(t,tD ,tF)

(1+rD)t

∑n
t=1

E(t,tD ,tF)

(1+rE)
t

(3)

where E is the produced energy, and rC, rO, rD, and rE are the discount rates for CCAPEX,
COPEX, CDECEX, and E respectively, which the end-user may define separately or set to
a common discount rate r. Note that t corresponds to a time duration in months, as this
is the time resolution set for the prognosis module. tD is the time of decommissioning,
and tF is the actual time of failure (i.e., the structural end-of-life, for which an estimate is
provided by the prognosis module). Here, n is the evaluation horizon for the LCOE, namely,
the maximum structural lifetime of the wind turbine. In this analysis, we assume that the
structural lifetime is the only active stochastic process, and all other effects of ageing are
lumped in maintenance costs or income variations.

The discount rates are usually available (and provided by the user) as effective annual
rates (r̃). Therefore, the need arises to transform them into an effective monthly rate r by
means of the following formula:

r = 12
√

r̃ + 1− 1 (4)

Alternatively to the LCOE, another possible metric is the Total Cost of Ownership
(TCO), which is the estimation of the lifetime costs of an asset, over an evaluated period of
time. In our methodology, the Net present value discounting method is used. We discount
the TCO down to year zero, to compensate for inflation, deflation, and wage or market
price changes. As the income for produced electricity (IE) depends on the decisions made
related to maintenance, we have included it as a term in the TCO metric, calculated as:

TCO(tD, tF) =
n

∑
t=1

CCAPEX(t)
(1 + rC)

t +
COPEX(t, tD, tF)

(1 + rO)
t +

CDECEX(t, tD, tF)

(1 + rD)
t − IE(t, tD, tF)

(1 + rE)
t (5)

where the negative sign in the equation before the last term containing IE indicates it is an
income, in contrast to the other terms, which are all positive cost. Consequently, an optimal
economic result aims at minimizing this function.

The proposed objective cost function may be based on these metrics, according to the
end-user choice

CT(tD, tF) =

{
LCOE(tD, tF)

TCO(tD, tF)

or
(6)

where the notation CT(tD, tF) indicates the dependence of this cost function on tD and tF.
We aim at optimizing the decommissioning time tD, given the time of failure tF pro-

vided by the prognosis module. As tF is a stochastic variable (described by a probability
distribution), the uncertainty propagation on the CT should be considered for the optimiza-
tion. Indeed, in a deterministic scenario, with known time of failure tF and known economic
scenarios, the optimum minimal date tD can be directly found; this is not, however, the case
in a stochastic framework. Figure 6 illustrates this concept: the CT vs tD graph consists of a
series of lines describing a given percentile of CT(tD), hence the ambiguity in the definition
of the optimal tD.


