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Abstract: This paper provides an optimization model based on Real Options (RO) and
stochastic dynamic programming for the availability maximization of an offshore wind
farm with prognostic capabilities. Alternative energy sources such as offshore wind
turbines are promising technologies, but they are capital intensive projects, and the
economics of the project depend heavily on the wind resources, and the availability of the
turbines. Prognostics and health management (PHM) is an enabling technology that
potentially allows for reduced life cycle cost through a transition from cycle or time
based to demand-based maintenance, performance based logistics, and condition-based
maintenance. This is especially important for offshore wind farms that require non-
traditional resources for maintenance, and are often located in sites that are not always
accessible. The proposed model uses information from the PHM system in order to
allocate appropriate investments in maintenance while maintaining a specified
availability requirement. The RO theory provides promising means to address the
economic aspects of PHM after prognostic indication, and assessing the cost required for
meeting availability requirements.
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Introduction: Wind energy has become an attractive source of energy because it is free,
abundant, and is perceived as having a low impact on the environment. To make a case
for wind energy, the United States Department of Energy (DoE) and the National
Renewable Energy Lab (NREL), under the ‘20% Wind Energy by 2030’ plan, announced
that the US could feasibly increase the wind energy’s contribution to 20% of the total
electricity consumption by 2030 [1]. Given the US dependency on fossil fuels, which are
decreasing in supply and increasing in cost, coupled with increasing energy demand, it
appears opportunistic to invest in renewable energy sources. Offshore wind has become
of subject of interest to the DoE [2] and [3]. The rationale behind this interest is that
coastal states, which are home to much of the US population, consume around 75% of the
nation’s electricity. Furthermore, offshore wind resources are abundant within reasonable



distances from these major urban load centers, which will minimize transmission cost and
efficiency [2]. Operation and Maintenance (O&M) accounts for the second largest
contributor to the life-cycle cost of offshore wind turbines as can be seen in Figure 1.
Hence the importance of decreasing and optimizing O&M has become a major topic of
research.
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Figure 1: Estimated Life-Cycle Cost Breakdown for a Typical Baseline Offshore Wind
Project [2]

Wind farms are capital intensive projects, and the economics of these projects depend
heavily on the wind resources, and the availability of the turbines. Availability is the
ability of a service or a system to be functional when it is requested for use or operation
[4]. Wind farms cannot be depended on for energy generation if they are always down
waiting for maintenance. Availability of a system is a function of the system’s reliability
and how efficiently it can be maintained when it does fail. There are different approaches
to maintenance, but fundamentally, depending on if a system has failed, when we think it
will fail, how it has failed, etc., there are decisions that need to be made about how to and
when to maintain it. Condition monitoring (CM) and prognostics and health management
(PHM) have increasingly became of interest to the wind energy community [S5]. PHM is a
discipline consisting of technologies and methods to assess the reliability of a product in
its actual life cycle conditions to determine the advent of failure and mitigate system risk,
[6] and [7] . It is a technology that allows complex systems to shift from traditional time
or cycle-based maintenance to condition-based maintenance (CBM). It is also an enabler
of performance-based contracts and potentially reduces life-cycle cost.

Maintenance of offshore wind farms is challenging as it requires non-traditional
resources such as vessels with cranes along with dedicated maintenance crews. Weather
conditions may also play an important role; crews cannot perform maintenance if weather
conditions are adverse. This work proposes a new method to find optimal maintenance



policies for wind farms and contributes to finding the cost/investment needed to maintain
a required availability.

This paper is structured as follows: the benefits of PHM are first discussed. The
maintenance flexibility that PHM provides is then formally introduced. The mathematical
formulation of the optimization model is provided, and an example of a hypothetical
wind farm is presented, then the conclusions are discussed.

PHM Enabling New Maintenance Paradigms: PHM has been shown to be beneficial
for the health management of systems, and potentially provides a number of benefits
(defined as cost avoidance opportunities) including, [6], [4] and [8]:

- Avoiding failures
« Minimizing the cost of unscheduled maintenance
Increasing availability
« Reducing risk of loss of system
. Increased human safety
- Minimizing loss of remaining life
« Minimizing the amount of remaining life thrown away by scheduled maintenance
actions
- Logistics (reduction in logistics footprint)
« Better spares management
« Optimization of resource usage
- Improved repair
. Better diagnosis and fault isolation
« Reduction in collateral damage during repair
- Reduction in redundancy (possible in the long term)
- Reduction in no-fault-founds

PHM has emerged as a key enabler for achieving system reliability/quality,
maintainability, testability, safety, and affordability. Hameed et al. [5] provides a review
of the PHM methods implemented on wind turbines. These include: vibration analysis for
bearings and gearboxes, oil analysis, thermography for failure identification of
electronics, physical condition of material, strain measurements for blades, process
parameters, and performance monitoring. These methods vary in their degree of maturity
- some of them are implemented on a large number of turbines, while others are still in
the proof-of-concept stage.

Current maintenance practice for wind farms mainly consists of scheduled maintenance,
corrective maintenance (CM), and preventive maintenance, [5] and [9]. Researchers have
addressed the optimization of maintenance for wind farms, however the research for
offshore wind farms is less abundant and the reason is that PHM is still at early stages in
offshore wind farms, and the number of offshore wind farms is still relatively small
compared to farms on land. Byon et al. [10] examine optimal repair strategies for wind
turbines operated under stochastic weather conditions. Based on the information from in-
situ monitoring, the authors derive an optimal preventive maintenance policy that
minimizes the expected average cost over an infinite horizon based on a Markov process.



Rademakers et al. [11] describe two simulation models for O&M, and illustrate the
features and benefits of their models through a case study of a 100 MW offshore wind
farm.

The current work differs from published work in that it provides a new economic basis to
value the options that arise to the decision-maker after a prognostic indication. This can
lead to a method to quantify the value PHM brings to its user, and a basis to manage the
flexibility (e.g., when to perform maintenance after a prognostic indication) enabled by
PHM systems using Real Options (RO) theory. Real Options Analysis (ROA) is extended
from the class of financial options where the underlying assets are real assets or
opportunities for cost avoidance (rather than securities that can be traded) [12]. No
research has been performed on RO-based methods to optimize maintenance decisions
for offshore wind farms.

CBM has been shown to be an effective way to approach the health management of
systems. However, CBM has drawbacks; one of them is illustrated in Figure 2. Suppose a
wind farm has 40 turbines with prognostic capabilities (e.g., performance monitoring). If
all of the turbines had prognostic indications, each indicating a different remaining useful
life (based on accumulated degradation), what is the optimal way to perform maintenance
when the maintenance vessel is at the wind farm? For example, which of the turbines
circled in Figure 2 should be maintained? What criteria would be used to decide?
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Figure 2: Illustration of Accumulated Degradation on 40 Wind Turbines

The maintenance of wind farms involves the logistics associated with assets needed to
perform maintenance and can be costly. If the wind turbines are off shore, for example,
sending the maintenance vessel to the wind turbines is an expensive proposition and
knowing which of the turbines need to be fixed when the maintenance vessel is on site is
important — it may be significantly less expensive to throw away RUL in some wind
turbines than to risk having them non-operational or having to make special trips to them



for maintenance. Furthermore, a minimum overall availability must also be ensured of the
wind farm becomes quickly unviable.

The Flexibility Enabled by PHM: RUL is the remaining useful life that a system has
and it effectively represents the lead time (subject to appropriate uncertainties) for the
decision-maker or other maintenance entities to take preventive actions prior to a failure.
This can be described as a flexibility phenomenon whereby entities involved with the
operation, management, and maintenance of a system have the flexibility to take actions
within or after the end of the RUL. Hence assessing the value of the using the RUL is of
prime importance and gives the decision-maker the true value of cost avoidance when
using PHM. Minimizing the amount of remaining useful life thrown away is an example
whereby the knowledge about the time of the failure (or time to the failure) allows the
decision maker to avoid unscheduled maintenance (where the system is run to failure)
and scheduled maintenance (where useful life may be thrown away by changing or
removing a part when it still has remaining useful life).

When an anomaly is detected in a PHM-enabled system, and the remaining useful life
(RUL) of the system is estimated, the decision maker is then faced with multiple choices
called options, which can be exercised or not exercised to manage the health of the
system. An ‘option’ is a right, but not an obligation to take a particular action in the
future. Real Options Analysis (ROA) is used to value or assign a monetary equivalent to
the maintenance options arising from the implementation of PHM. The quantifications of
the options will eventually lead to an optimization problem that identifies the optimal
management of the system.

In the wind farm problem, when a prognostic-indication is obtained the decision-maker
has the option to turn the turbine off in order to avoid further damage, modify the wind
turbine’s operation in such a way as to reduce the loading, or continue normal operation
(do nothing). Note that there are several uncertainties that tie into the picture and should
be accounted for in the ROA analysis. For this purpose, it is essential to draw a
distinction between two types of risks for the ROA analysis: market risks and private
risks. Risks that can be captured in the value of a traded security are market risks and all
others are private risks [13]. As an example the price of power produced by wind turbines
may be regarded as market risk because it is contingent on the price of other sources. An
example of private risk is the risk associated with the technology and its efficiency. This
distinction between the types of risks is important for the valuation process and usually
dictates the most appropriate real option valuation method to be used. For projects
involving path-dependence (typical for engineering problems) and private risk along with
the market risk, methods like simulations and stochastic programming are generally used
[14].

Mathematical Formulation: PHM enables the flexibility to shift from cycle-based or
schedule-based maintenance to more cost-effective, condition-based maintenance. The
latter has its own drawbacks and needs to be optimized. RO is used to optimize which
turbines to be maintained each time a maintenance vessel is at the wind farm.
Maintaining a turbine can be regarded as an investment under uncertainty. Uncertainty



can arise from multiple sources: uncertainty in the prediction of the RUL, uncertainty in
the market price for power, and uncertainty in weather conditions. The problem can be
formulated to determine the optimal portfolios of real options to purchase [15] and [16] .
Optimization of maintenance for these systems provides a significant opportunity for cost
reduction. Figure 3 is a decision tree for one turbine. We consider two stages for the
formulation. In dynamic-programming terminology, each point where decisions are made

is usually called a stage of the decision-making process. Maintenance can be carried out
in stage 1, in stage 2, or in both.
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Figure 3: Illustration of a Wind Farm with Four Turbines

The information that summarizes the knowledge required about the problem in order to
make the current decisions is called a state of the decision-making process. In the turbine
example they represent degradation state. States indicate the health of the turbine at a
particular stage. A turbine starts from a healthy state, and degrades with time and
operation. The turbine can transition to different states. A state indicates the degradation



level of the turbine. The information about the states is obtained from the PHM and
condition monitoring system. This is analogous to a ‘health index’ for the turbine. A
probability is associated with the transition between states. The transition probability is
associated with the uncertainty in the PHM system; i.e., how accurately it can assess the
state of the turbine at each stage.

The implementation of PHM can be considered as the purchase of maintenance options.
A sunk cost is invested in PHM, which will provide knowledge about the states of the
system in the future, hence enabling condition-based maintenance. This problem can be
considered a portfolio optimization problem where the decision-maker has to invest the
lowest amount possible in maintenance (to maximize the profit) while satisfying a
required availability. The solution to such a problem can be performed by stochastic
dynamic programming as outlined below [15].

The set of feasible decisions is given by:

1.y, LY. <
X(Ct) — {Xte{orl} 'Zlé’l altXlt — Bt

C: = the state of turbine i at stage ¢

X;: = the decision variable of whether to invest in maintenance in turbine i at stage ¢
0 means do not invest, and 1 means invest

a;; = the cost of maintaining turbine i at stage ¢

B; = the budget available for stage ¢

e = desired state at the end of stage 2

V = maintenance decision

Equation (1) says that the investment in maintenance at each level should be less than the
budget. If we want to choose an optimal investment strategy to maximize the probability
that at least one turbine will be in the healthy state at stage 2, then we solve for {0,1}
decisions indicating funding/no-funding decisions using the following stochastic program
[15]:

Ve (C) = Mminy ex(c,) E{Vir1(Cer1)|Cr, Xe} (2)
where
1if C; = e for some iel
Vera(Cenn) = { 4 l’tt)lothezwise )

Example: We consider a hypothetical wind farm with four turbines to demonstrate the
method outlined in equations (1)-(3). The objective is to determine the optimum subset of
turbines to be maintained at each stage given a budget constraint that can be spent on
maintenance for each stage in monetary units (MU). The goal is to meet an availability
requirement that at least one turbine should be in operation after stage 2.

The assumed cost for maintenance for each turbine at each stage is given in Table 1. The
table is an input to the model. The cost of performing maintenance is different for each
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turbine because of the stochastic nature of the degradation of systems, and the specific
subsystem to be maintained: the maintenance of a gearbox is more costly than the
maintenance of power electronics device.

A budget constraint of MU 15K is assumed for stage 1, and MU 30K is assumed for stage
2. These represent the amount of investment available to the decision maker at each

stage.

Table 1: Cost of Required Maintenance

Maintenance Costs Time Period (Stage) 1 Time Period (Stage) 2
Turbine 1 MU 3.6K MU 7K
Turbine 2 MU 5.8K MU 9K
Turbine 3 MU 8K MU 12.54K
Turbine 4 MU 5.5K MU 14.5K

Solving equation (2) is analogous to saying that we are minimizing the probability of
failure; this will indicate which turbines are to be maintained now given the costs in
Table 1.

The problem of having one turbine operating at stage 2 can be formulated as the
probability of success of a turbine. A success signifies that a turbine reaches stage 2 with
a state e (as illustrated in the Appendix):

P(turbine 1 OR turbine 2 OR turbine 3 OR turbine 4 is in operation after stage 2) =
P(turbine 1 succeds) + P(turbine 2 succeeds) + P(turbine 3 succeds) +

P(turbine 4 succeds) —

Yizjij=1234(turbine i&j succeed) + Xz jzkijk=1234(turbine i&j &k succeed) —
(turbine 1 & turbine 2 & turbine 3 & turbine 4 succeed) 4)

The solution of equations (1)-(3) provides the optimal maintenance strategy. It can be
equivalently solved with equation (4) which states that at least one turbine should operate
by the end of stage 2. At stage 1, the maintenance vessel can only maintain one, two, or a
maximum of three turbines. This is cause by the budget constrain of MU 10K. For
example, turbines 2 and 3 can be maintained with a cost of MU 13.8 K. Another
combination can be turbines 1, 2, and 4 with a cost of MU 14.9K. Similar combinations
are chosen at stage 2. The underlying assumption in this hypothetical example is that a
turbine has to be maintained in stage 1 in order to be maintained at stage 2. The
probability of success is obtained by multiplying the probabilities of reaching state e at
stage 2 by the probability of stage 1. For example, the probability of turbine 1 reaching
state e at stage 2 is obtained by:

P(turbine 1 is in operation after stage 2) = 0.3 0+ 0.2 x 0.1+ 0.3 0.3+ 0.2 *
06+0*1=0.23.

Hence the probability of failure is 0.77. Solving the entire problem results in the optimal
strategy of maintaining turbines 3 and 4 in stage 1. This will guarantee that the



availability requirement of having at least one turbine functional after stage 2 while
meeting the budget constrain.

Conclusions: This paper presents a new real options model to optimize the maintenance
of offshore wind turbines where an availability requirement must be met. PHM gives the
necessary information for the model by indicating the health of the system. Furthermore,
the proposed model can be used for scheduling condition-based maintenance. PHM
introduces flexibility in the form of different options available to the decision-maker after
a prognostic indication. A mathematical model for the analysis of the option to wait to
perform maintenance was formulated. The model is based on stochastic dynamic
programming, and identifies the optimal combination of turbines to be maintained in the
wind farm when maintenance can be performed. A hypothetical example that shows how
the model works was provided. The framework introduced provides promising means for
the health management of systems with prognostic capabilities, and can be used to as
address several issues: how much extra investment in PHM is justified to meet a specified
availability requirement, the cost of maintaining availability requirements, the value in
monetary terms that waiting to perform maintenance brings to the decision-maker.
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Appendix: The following tables list the transition probabilities assumed for the wind
farm example presented in this paper.

Table 3- Transition probabilities

Stage 1 State Probability

Turbine 1 a 0.3

0.2

0.3

0.2

0

Turbine 2 0.2

0.3

0.4

0.1

0

Turbine 3 0.2

0.2

0.3

0.2

0.2

Turbine4 0.2

0.3

O |0y [Aala|o | oo (T oo (o

0.3
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0.15

S

0.05

State at Stage 2

Given Stage |

Conditional Probability

Turbine 1

a

0.3

0.4

0.2

0.1

0

0.4

0.3

0.2

0.1

0.3

0.4

0.3

0.4

0.6
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1

State at Stage 2

Given Stage |

Conditional Probability

Turbine 2

0.3

0.35

0.2

0.1

0.05

0.2

0.3

0.3

0.2

0.3

0.3

04

0.35

0.65

o0 |alo(alo|o | alo|c|o |&alo|oc e

o |lalalo|o|o|c|c| ooy e oo |

1

State at Stage 2

Given Stage |

Conditional Probability

Turbine 3

a

0.2

0.3

0.3

0.15

0.05

0.3

0.4

0.2

0.1

0.4

0.3

0.3

0.5

0.5
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State at Stage 2

Given Stage 1

Conditional Probability

Turbine 4

a

0.2

0.3

0.2

0.2

0.1

0.2

0.3

0.3

0.2

0.3

0.4

0.3

0.3

0.7
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