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Chapter 1: Introduction
In September of 1966, Popular Science received a letter from John Steinbeck, who argued
that ocean exploration should receive the same resources and attention as space exploration:
I do not think $21 billion, or a hundred of the same, is too high a price for a round-trip
ticket to the moon. But it does seem unrealistic, unreasonable, romantic, and very human
that we indulge in these passionate pyrotechnics…it is possible that we may be driven back
to our mother, the sea, because we are running out of supplies. Two men with their pockets
full of moon rocks will not solve the situation. On the other hand the planning, computing
minds which so gently laid that crazy-looking scarecrow on the moon could easily design
the means, not only for exploring our water world, but for placing whole producing cities
on the sea bottom. [1]
Human exploration of the oceans has progressed in the last 50 years. We have observed
areas under meters of Arctic sheet ice, discovered hydrothermal vents, and plotted the
magnetic phenomenon that governs the movement of many marine species. Despite these
advances, which are testaments to our technological potential, we have yet to adequately
design systems to harness ocean resources as Steinbeck describes. The oceans contain enough
energy to satisfy a significant portion of current global electricity demand, but we have not yet
harnessed this energy. Ironically, it is the same enormity of the energy resource that has
impeded engineers from designing systems to generate electricity from this energy.
Offshore renewable energy technologies are those that use the motion of the ocean waves,
tides, and winds to generate electricity. Of these three technologies, only offshore wind is
market-competitive at commercial scale installation. Barriers to techno-economic feasibility
are entrenched in the relative youth of the industry, lack of monetary resources and
deployment experience, and the engineering challenge of designing electro-mechanical
systems to work in the harsh environment of the ocean. However, advances are also
continually being made to decrease costs and increase power production efficiency of these
technologies.
This thesis is composed of five studies that explore novel approaches to assessing and
improving the techno-economic feasibility of offshore renewable energy systems. Rather than
focusing on improving the viability of industrial-scale, mono-technology arrays of devices (as
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is the current objective of developers) these studies focus on alternative approaches to
development. Although the use of renewable energy generation is more sustainable than the
use of fossil fuel-based electricity generation, this thesis argues for greater economic, social,
and environmental sustainability in the design of offshore renewable energy developments.
Incorporating novel use cases, computational optimization methods, and machine learning
techniques, these five studies leverage modern computing methods to advance multiple
objectives for offshore renewable energy development: to decrease cost, increase power
development, increase reliability, and enhance coastal community resilience. In the first and
second study, I explore co-located wind-wave array feasibility by developing a genetic
algorithm (GA) to optimally design the layout of wave energy converters (WECs), and an
analytical cost model for these co-located systems by which to assess their economic
feasibility. I then explore the feasibility of an emergency deployable wave energy array in the
third and fourth studies by 1) analyzing and comparing machine learning techniques to predict
storm-related, sustained outages in Newport, Oregon, and 2) formulating an analytical cost
model to calculate the emergency wave energy array cost. In the final study, I explore
applications of engineering reliability and reliability-based design optimization techniques in
offshore renewable energy systems, and highlight areas that require further exploration to
improve offshore renewable energy reliability and technical viability.

3

Chapter 2: Optimal Design of a Co-Located Wind-Wave Array Using
a Genetic Algorithm Approach
2.1 Abstract
As the offshore renewable energy industry advances, developers and researchers are
exploring the feasibility of placing offshore wind turbines and wave energy converters
(WECs) in the same leased ocean space to overcome economic, environmental, technical, and
social challenges. In this study, I explore how placing WECs on the periphery of an offshore
wind array affects significant wave height within the wind array. To do this, I developed a
discretized genetic algorithm (GA) to minimize wave height within the wind array. Results of
this study indicate that optimal placement of a peripherally distributed WEC array decreases
significant wave height in the lee of the WEC array and within an offshore wind array by as
much as 42%, which is an improvement on previous studies, which minimized wave height by
a maximum of 27.42%. Furthermore, results from this study describe optimal arrangements
for a peripherally distributed array of WECs in a co-located development.

2.2 Introduction
Both the offshore wind and wave energy industries are driven to reduce costs while
maintaining or increasing power production within developments. Due to the maturity of
offshore wind turbine technology and continual advancement of WEC technology, there is
new opportunity within the offshore renewable energy sector to combine wind and wave
energy technologies in the same leased ocean space through co-located array development.
Recent research suggests combining wind and wave technologies via co-location could have
synergistic effects that reduce direct and indirect costs for developments through reducing
system balancing costs [2], [3], increasing energy production per unit area, sharing costs in
design and operations, and improving energy output quality and forecasting [4], [5]. While
some synergistic effects have been identified, others have yet to be fully explored.
In this study, I propose a discretized GA approach to explore the optimal placement of
WECs around a given offshore wind array. In particular, I develop the GA to maximize the
“Shadow Effect” first proposed by Astariz et al. [6] by varying WEC layout. The Shadow
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Effect describes the absorption of wave energy by a WEC, thus reducing the wave height in
the lee of the device. This reduction in wave height can result in decreased wave loads
experienced by wind turbines and increased accessibility of the wind turbines for operations
and maintenance (O&M), thus decreasing costs associated with downtime and repair [7]. To
quantify the impact that co-location can have on reducing O&M costs, I have created a GA
approach that determines optimal WEC layouts based on their associated Shadow Effects.

2.3 Previous Work
The optimal layout of offshore wind turbines or WECs is classified as a combinatorial
optimization problem, if the solution space is discretized. That is, out of a finite set of
potential solutions, a single or set of optimal solutions exist and can be found through
systematic evaluation of said potential solutions. An exhaustive search, or evaluating every
possible solution to discover the optimal solution, guarantees optimality, but is often too
computationally expensive. Computational optimization techniques are strategies to find
optimal solutions through an informed approach, precluding the need for costly exhaustive
searches.
Exact optimization methods are computationally inexpensive, but too easily converge on
local optima. Heuristic optimization methods, like the GA, are more robust to converging on
local optima, and thus are ideal for complex or unknown solution spaces. Although they are
computationally more expensive than their exact method counterparts, heuristic methods can
operate in multi-agent systems, in which the interaction between multiple agents influences
the optimality of a solution (such as the interaction between WECs). It is often unclear which
heuristic optimization approach is superior for solving a given complex systems optimization
problem, so it is common in the literature to present a characterization of multiple approaches.
In this literature review, I summarize three relevant bodies of literature associated with
layout optimization in offshore renewable energy systems: 1) offshore wind system layout
optimization, 2) WEC interaction effects and layout optimization, and 3) co-located windwave array interaction effects.

2.3.1 Offshore Wind Energy
Computational optimization techniques have been applied extensively to onshore wind
turbine developments, and are summarized in a comprehensive literature survey by Serrano
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González et al. [8]. Offshore wind turbine layout optimization, however, requires the
consideration of different factors than onshore developments when formulating objective
functions or constraints for any optimization method. For instance, availability, or the portion
of time a turbine or array of turbines produces energy over a given period of time, will be
different between an onshore and offshore wind turbine. An offshore wind turbine that fails
during peak winter storms often can not be repaired until months later, when sea states calm
and O&M crews can access the turbines, whereas onshore turbines can be more readily
accessed. The influence of wave loads, higher wind loads, and proximity to shore on
reliability, power production, and cost all require objective function and constraint formulation
specific to offshore wind array applications.
Applications of computational optimization methods to offshore wind array layout
problems can be found in both commercially available software and peer-reviewed
publications. The majority of applications have focused on embedded offshore turbines. In
commercially available software, Réthoré et al. developed TopFarm, an offshore wind farm
optimization package which allows users to apply a variety or combination of heuristic
algorithms to a given installation [9]. Following TopFarm, DNV-GL developed WindFarmer,
which maximizes return on investment by using site-specific computational fluid dynamics
wake modeling [10]. WindPro is similar to WindFarmer, and optimizes annual energy
produced by using sequential turbine placement [11]. Due to its use in industry, both
WindFarmer and WindPro account for common industry constraints, such as noise
requirements (noise increases with ice or high wind and prompts turbine shutdown when
limits are exceeded). Openwind is an open source optimization tool and minimizes the cost of
energy production [12].
Elkinton et al. [13], [14] and Lackner and Elkinton [15] were the first to apply optimization
techniques to offshore wind turbine developments. Until that time, onshore wind farm layouts
had been optimized by pairing an optimization scheme with a cost and wake model. Through a
multi-institutional grant called OWFLO, Elkinton et al. built upon this paradigm by also
considering O&M, availability, and electrical interconnection models in the design of offshore
wind layouts [13], [14]. Each module worked in conjunction to design an optimal layout
measured by the levelized production cost and annual energy production. Five different
algorithms were implemented: gradient search, heuristic, pattern search, simulated annealing,
and an evolutionary. Over the course of the project, these algorithms were validated against
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offshore wind farms including Horns Rev (80, 2-MW Vestas turbines, 80 m rotor radius),
Middelgrunden (20 Bonus 2 MW turbines, 76 m rotor radius), Arklow Bank (7 GE Energy 3.6
MW turbines, 104 m rotor radius), and a proposed development near Hull, Massachusetts.
Following OWFLO, Rivas et al. developed a simulated annealing algorithm using Horns
Rev environmental conditions and turbine information [16]. Layouts were evaluated by
calculated annual energy production. Results showed a 1% increase in AEP over the actual
Horns Rev layout. Borbon Guillen then designed a MATLAB-based heuristic that optimized
separation distance between turbines based on levelized cost of energy [17]. Szafron modified
a built-in GA to optimize wind turbine layouts based on the same levelized production cost
objective as Elkinton et al. in the OWFLOW project [18].
In creating TopFarm, Réthoré et al. focused on incorporating fatigue effects on a profit
objective and energy production model, as they change with wake modeling [9]. Profit was
defined by annual energy production, electrical grid and foundation costs, and wake-induced
lifetime fatigue of critical components. Three levels were considered. First, a stationary wake
and annual energy production (AEP) model was used as a base case for comparison. Second,
AEP was calculated with incorporated fatigue cost modeling generated by HAWC2 (an aeroelastic wake modeling code) and Dynamic Wake Meandering (DWM) model. Lastly, HAWC2
and DWM models were directly incorporated into the optimization loop to simultaneously
estimate fatigue costs and AEP. This MATLAB-based multi-fidelity approach was applied to
Middelgrunden Wind Farm, and simultaneously used a simple GA and a sequential linear
programming approach for coarse and fine resolution optimization, respectively.
Ituarte-Villarreal and Espiritu designed a MATLAB-based optimization technique called
Viral Based Optimization Algorithm to solve the offshore wind farm layout optimization
problem [19]. This algorithm starts by creating an initial population of feasible candidate
solutions, and evaluating their cost of energy. Elite solutions are then copied directly through a
“lytic reproduction” phase, while the non-elite solutions are modified through a “lysogenic
reproduction” phase. The evaluation and reproduction steps are then repeated until
convergence. This approach applied to 26 turbines was shown to have improvements over 30turbine onshore wind farm solutions optimized by a GA by Mosetti et al. [20].
Closely following Ituarte-Virreal, Serrano Gonzalez et al. compared an Evolutionary
Algorithm and a proposed “Revised Evolutionary Algorithm” to focus on electrical
optimization of large offshore wind farms [21]. The Revised Evolutionary Algorithm gains
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computational efficiency by dividing the offshore wind farm into zones based on wake
influence (turbines in a zone are only influenced by zones adjacent to the one in which they
reside). Optimal solutions achieved a lower net present value (NPV) at less computational cost
than the traditional EA, and reflected radially-distributed electrical cabling patterns. Following
this proposed Revised EA, Serrano Gonzalez et al. combined a GA with a decision under risk
model [22]. By incorporating this decision under risk model, they were able to account for
quantified uncertainty and risk in wind data effects on a NPV objective function.
Perez et al. developed a two-step heuristic greedy algorithm involving 1) generation of an
initial random layout and 2) a non-linear search for local optima [23]. When compared to the
actual Alpha Ventus wind farm layout, this heuristic algorithm produced results with a 3.52%
increase in AEP. Salcedo-Sanz et al. also developed a unique algorithm called the Coral Reefs
Optimization algorithm and claimed it showed improvement over Evolutionary, Differential
Evolution, and Harmony Search algorithms [24].
Focusing on GAs, Gao et al. proposed a multi-population GA [25], [26]. They considered
three wind cases: constant speed and unidirectional wind, constant speed and multidirectional
wind, and variable speed and variable direction wind. Wind conditions were drawn from a 20year dataset from a proposed wind farm site off the coast of Hong Kong. The GA optimized
three prescribed layouts, an aligned, staggered, and scattered layout. The wind farm was
optimized given a wind farm area for the number of turbines, as well as their placement.
Liu and Wang also advanced the use of GA’s to offshore wind array applications by
developing an Adaptive GA, in which random crossover is replaced by “popping” of wind
turbine locations (much like an Extended Pattern Search algorithm [27]) [28]. The
environmental conditions were sourced from a proposed wind farm site off the coast of
Virginia Beach, 4 km long by 4 km wide. Evaluated based on total power output, 16 turbines
were optimally placed given the same three wind cases used in Gao et al. previously. Given
these conditions, the algorithm achieved 100% efficiency for each turbine by placing each
turbine to completely avoid wakes.
Optimization approaches had been applied only to fixed-bottom offshore wind turbines
before Rodrigues et al. applied a Covariance Matrix Adaptation Evolutionary Strategy to
moveable floating offshore wind turbines [29]. This method involved an initial optimization
loop that optimized mooring angles and positions, followed by a second inner optimization
loop which optimized the placement of the turbine within these preset mooring lines. These
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layouts were evaluated given an efficiency objective, based on the Jensen analytical wake
model [30] and FarmFlow computational fluid dynamics wake modeling [31]. Given these
discretized wind conditions, optimal layouts achieved 4.4% higher wind efficiencies.
Finally, Forinash and DuPont applied an Extended Pattern Search approach to optimally
place floating turbines offshore [32], [33]. Presenting a novel, realistic cost model for floating
platforms based on a proposed floating wind farm off the coast of Oregon, Forinash and
DuPont formulated the objective function based on levelized cost of energy. The algorithm
optimized turbine placement given set number of turbines and farm area, with variable rotor
diameters and hub heights. The number of turbines was incrementally increased to test the
effects of crowding on optimal layout designs.
While optimization methods have been applied to offshore wind array layouts, none have
incorporated the influence of waves on objectives or constraints beyond the cost of
development. Moreover, none have minimized wave heights to maximize accessibility, and
none have incorporated WECs into optimization schemes via co-located arrays. In this study, I
propose to incorporate wave influence in layout design by minimizing wave height within the
offshore wind array via a co-located wind-wave array.

2.3.2 Wave Energy Systems Optimization
Research regarding the optimization of WEC array layouts began with preliminary work
presented by Fitzgerald and Thomas, who designed WEC arrays to maximize power
development [34]. In this study, however, interaction effects resulting from WECs absorbing
and creating waves through their motion were not included. Child and Venugopal expand
upon this study by including interaction effects, including the refracted and diffracted waves
created by a heaving WEC [35]–[37]. They do so by defining an interaction factor, which is
now commonly known as the q-factor. Through these studies, Child and Venugopal maximize
the q-factor with GA and parabolic intersection approaches, resulting in enhanced power
production for the WEC array.
McGuinness and Thomas maximize this q-factor to optimize the horizontal spacing of a 5WEC array arranged in a line perpendicular to the direction of the primary incoming wave
direction [38]. Snyder and Moorefdoost also maximize the q-factor by using a two-phase,
greedy heuristic algorithm. They also find the limits for q-factor optimization by solving for
the WEC array layout problem eigenvalues for small arrays (less than 5 WECs) [39], [40].
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Furthermore, Snyder and Moorefdoost formulate two objectives that incorporate uncertainty
associated with the sea state (a stochastic and robust optimization model), since interaction
and power development vary significantly with sea state.
Introducing a cost-based objective function, Sharp and DuPont [41]–[43] minimized
levelized cost of energy (LCOE) using binary and continuous GA approaches. In a study by
Sharp et al., the GA approach is compared to a Simulated Annealing and Evolutionary
Algorithm approach, proving that for the specific problem formulation, evolutionary
algorithms are the most efficient method for finding global optima [44].
Small-scale WEC array layout optimization has been the main focus of past research, with
only Sharp and DuPont developing cost-based objective functions. All research, thus far, has
sought to optimize interaction factors of WECs, rather than minimize sea state. Although these
two objectives both depend on the interactions of WECs to change the surrounding sea state,
the desired change in the sea state is different. I propose to base an objective function on
decreasing wave height for an adjacent offshore wind array, rather than maximizing WEC
interaction for power production. The ultimate goal of minimizing the sea state is to improve
LCOE for the offshore wind array, and thus, the co-located array.

2.3.3 Co-Located Wind-Wave Arrays
Although computational optimization approaches have been applied in onshore wind,
offshore wind, and WEC layout optimization, these techniques have yet to be used in colocated wind-wave applications. To use computational optimization methods to fully optimize
co-located wind-wave arrays, four models to describe device interactions are required:
turbine-to-turbine, WEC-to-WEC, turbine-to-WEC, and WEC-to-turbine. From previous
research, we have access to analytical wake models to describe wake effects between wind
turbines, as well as wave modeling tools to simulate hydrodynamic interactions between
WECs. We do not yet have models to describe interactions between wind turbines and
Investigation into hydrodynamic effects between wind turbines and WECs is required to fully
optimize co-located array layout based on power production (and therefore LCOE) objectives.
Although there has been no research regarding co-located array applications of
optimization methods, there has been research into the power and cost effects of co-locating
wind turbines and WECs, which can inform cost-based objectives. Stoutenburg et al. explored
how varying wind-wave proportions at theoretical co-located sites off the coast of California
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affected power production and variability [45]. To measure power production, they used
capacity factors, or the average power generated over the rated peak power. Stoutenburg et al.
determined that optimal proportions of 75% wind energy capacity and 25% wave energy
capacity resulted in the highest capacity factor (25%) when compared to the other sites. This
proportion of wind-wave energy capacity achieved the greatest reduction in aggregated power
variability, and had less than 100 hours of producing no power per year compared to over
1000 hours for a 100% offshore wind site, and 200 hours for a 100% wave energy site.
Through this study, co-located arrays proved advantageous to wind-only and wave-only arrays
in terms of power production, variability, and reliability. Accounting for these types of
relationships between co-location and power production, quality, and reliability in objective
function formulation within optimization methods, we can fully describe how optimal colocation affects offshore renewable energy techno-economic feasibility.
Fusco et al. [46] builds on Stoutenburg’s work, advancing the idea that poorly-correlated
wind and wave energy resources are beneficial for power smoothing and production. Using
the same devices Stoutenburg et al. did (the 750 kW Pelamis WECs and Vestas V90 3.5 MW
wind turbines), Fusco et al. models power production given Irish wind and wave data. They
found that located co-located arrays in areas with poorly-correlated resources result in more
consistent energy generation. Other power smoothing benefits of co-located arrays are
documented by Fernandez Chozas et al. [2], [3], [47].
Astariz et al. [6], [48]–[55] systematically evaluate co-located array layouts using a trialand-error method. Varying separation distance between WECs, general array shape, and
number of WECs, Astariz et al. use Simulating Waves Nearshore (SWAN), a wave simulation
tool, to evaluate wave height reduction in a offshore wind array in the lee of the WEC array.
By minimizing wave height in the offshore wind array, Astariz et al. maximize accessibility
for O&M vessels and personnel (that require 1.5 m or less wave heights to service offshore
wind arrays), thereby decreasing the downtime of wind turbines and monetary loss.
In one study, Astariz et al., place an array of 21 to 67 WaveCat WECs in front of a
theoretical 80-turbine (Vestas V80-2MW) array at the WaveHub site off the coast of
Cornwall, U.K. [48]. Results indicate that wave height can be reduced from 11.41%-27.49%
for that specific case study. The greatest wave height reductions were achieved with minimum
separation distance between WECs, and in arced layouts. Another case study by Astariz et al.
[51] at the Alpha Ventus wind farm indicated that wind farm accessibility can increase by
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almost 15%, with similar general layout findings: the greater the number of WECs and the
closer the WECs are spaced, the higher the wave height reduction within the wind farm.
Astariz and Iglesias quantify cost savings due to this increase in accessibility in another
study, finding an average LCOE reduction of 378 €/MWh [56]. These costs savings are also
based on both cumulative increased accessibility, and also increased continuity of
accessibility. For example, when considering an offshore wind array, the sea state might be
calm enough for four consecutive days, whereas the shadow effect due to WEC co-location
might add another few days before or after the 4-day period to allow for a week or more of
accessibility. This consistent accessibility allows for longer operations to be performed
without interrupting the task or waiting for a sufficiently long weather window.
Although Astariz et al. have made significant progress in finding empirically-derived
optimal patterns in layouts of co-located arrays, computational optimization techniques have
enhanced our capability to find optimal layouts. Furthermore, previous cost analyses have
focused only on a single synergistic effect from co-location, rather than incorporating all cost
factors quantified recently form published literature.
This study proposes an optimization scheme to maximize wave height reductions within a
offshore wind array in a co-located array to advance towards the ultimate goal of optimally
arranging a co-located array based on an LCOE objective that incorporates all known,
quantified synergistic effects.

2.4 Methodology
In this section, I describe the four foundational methods employed in this study: 1) site
selection and wave characteristics, 2) wave modeling with Simulating Waves Nearshore
(SWAN), 3) GA formulation, and 4) evaluation of resulting layouts.

2.4.1 Study Area and Wave Conditions
To facilitate comparing the results from this study with those of previous literature [48],
the site selected for this study is located at the Wave Hub site, which is in 40-60 m depths off
the north coast of Cornwall, 16km northwest of Hayle, as shown in Figure 1.
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Figure 1: Location of Wave Hub site [57].

Wave conditions used in this study are sourced from [58]. The original wave condition data
was binned into 8 wave directions by month, and summarized for 1-, 10-, 50-, and 100-year
return periods. Astariz et al. [48] summarize this data into 9 monochromatic wave cases,
which are shown in Table 1. In this study, I use Wave Case 1 to compare results to those
reported in [48].
Table 1: Unidirectional Wave Conditions
Wave Case Number

Significant Wave Height (m)

Period (s)

Direction (degrees)

1

1.5

7.57

270

2

2.5

8.14

270

3

3.5

9.33

270

4

1.5

7.57

315

5

2.5

8.14

315

6

3.5

9.33

315

7

1.5

7.57

225

8

2.5

8.14

225

9

3.5

9.33

225
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2.4.2 Wind and Wave Modeling
After defining site-specific wave conditions, the conditions were input into SWAN, a third
generation phase-averaged Eulerian numerical wave model. The evolution of wave action
density (N) over time (t) is calculated via the action balance Equation 1:
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(2)

where

The evolution of wave action density (N) over time (t) is a function of distance (x, y), the
shifting of relative frequency due to variation in depths and currents (σ), and depth- and
current-induced refraction (θ). !! denotes the wave action propagation speed in the x-, y-, σ-,
θ-space while S denotes the combined source and sink terms [14]. In deep water, the major
components of S are the input by the wind (!!" ), nonlinear wave-wave interactions (!!" ) and
wave dissipation through white-capping (!!" ). In shallow water, S includes the effects of
bottom friction (!!" ), and shoaling-induced breaking (!!" ). The Wave Hub site is classified to
be in deep water. Further documentation on the base SWAN model is available online [13].
SWAN was applied in this study using a nested grid approach, which has been successfully
applied to wave analysis in WEC arrays [59]. This approach allows SWAN to perform fewer
wave propagation calculations in areas outside the area of interest, while still maintaining high
resolution in the area of interest, where finer mesh sizes and more calculations are required.
Thus, this nested approach decreases computational expense.
I defined the coarse grid to be from -6.1 to -5.0 degrees Easting and from 50.15 to 50.85
degrees Northing (a 120 km by 80 km space), with a mesh size or grid resolution of 200 m by
200 m.
Encompassing the Wave Hub site, I defined the fine, nested grid to have an area of 6.8 km
by 10.2 km, and mesh size of 17m by 17m (Figure 2). The bathymetric data for these input
grids was sourced from the European Marine Observation and Data Network [60].
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Figure 2: Location of Wave Hub Site course and nested.

To represent WECs and wind turbine foundations, I implemented transmission coefficients
in SWAN. This technique has been previously used in representing offshore wind turbines
[61], [62] and WECs [59], [63], [64] in SWAN. I represented wind turbines with a 0%
transmission coefficient, meaning that 0% of the wave energy is transferred through the solid,
monopole wind turbine foundation. This coefficient is calculated using Equations 3 and 4
[65]:
!
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!! = 4 ! −! + ! ! ! +
!!
2!

!=

!!
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(3)

(4)
!

where d is depth (m), !! is incident significant wave height (m), D is the pile diameter (m), b
is the pile spacing (m), and !! is the drag coefficient of the piles (!! = 1.0 for a smooth pile).
Because D/L is less than 0.2, diffraction and reflection processes are negligible [65].
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To remain consistent with existing literature [48], I used a 0% transmission coefficient.
Furthermore, because this study is focused on the relative significant wave height reduction
given varying WEC array layouts, maintaining consistent transmission coefficients within the
wind array is more important than the absolute value of the transmission coefficient. The
WECs are represented by a transmission coefficient of 0.42, empirically derived by Fernandez
et al. [66].

2.4.3 Co-Located Array Design
In this study, WEC placement is optimized by the GA, while wind turbines are fixed in a
single layout. For the wind turbine array, 80 Vestas V80-2MW turbines are arranged in 10
rows of 8 turbines each, staggered so that turbine 01 (see Figure 3) is facing wind coming from
the northwest. This layout was verified with published GPS coordinates [67] (Table 2, Figure
3). The adjacent turbines are spaced 560 m, or 7 rotor diameters, apart. The average depth at

the wind farm is 50 m. The monopile foundation of the turbine is represented as an 18 m by 18
m box; as such, I defined the fine, nested grid mesh size as 17 m by 17 m.
Table 2: Coordinates for the corner turbines in Horns Rev in UTM (Zone ED32)
01: 423974, 6151447

91: 429014, 6151447

08: 424386, 6147543

98: 429431, 6147543

Figure 3: Layout of Horns Rev [269].
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The WEC array is composed of 21-65 WaveCat devices. This choice in WEC was made to
remain consistent with previous literature [48]. The specific layout of the devices is dictated
by the GA, but follows a set of constraints. First, the WECs must be fully placed within the
boundaries of the nested grid, and outside of the wind turbine farm (including a minimum
distance of 198 m around the entire wind farm). Given that placement to the east of the wind
farm will not result in significantly decreased wave heights within the wind turbine array,
WEC placement is constrained to the north, west, and south side of the wind turbine array.
Finally, WECs must be placed no closer than 198 m (or 2.2 times the diameter of the WaveCat
device) from each other.

2.4.4 Binary Genetic Algorithm
I chose to use a binary GA as the optimization method for this problem because little is
known about what the solution space, and because the solution space is complex, relying on
the interactions between devices to achieve optimal array layouts. Wave height depends on
site characteristics, as well as potentially dynamic, random, or nonlinear environmental
conditions such as bathymetry, wave interactions, dissipation, etc. This solution-space
complexity is further enhanced by wave or wind interaction with obstacles (in this case, WECs
and wind turbine foundations). GAs need little information about a problem to find an
optimum, and are robust to finding local optima because of the ability to explore a large
number of points simultaneously (population size), which can be tuned to be more or less
random depending on the user preference and problem requirements (through crossover,
mutation, and immigration during each generation).
Further, GAs can accommodate discrete and continuous variables and solution spaces more
easily than other optimization methods. Discrete variables can take the form of discrete
choices (such as in this study, in which I divide the WEC array area into potential placement
locations). Conversely, continuous variables represent continuous choices (such as the WECs
not being constrained to specific locations, but rather only by their minimum separation
distance). Although a discretized solution space is used in this study, future work will involve
using a continuous space, making the GA an advantageous algorithm selection.
GAs mimic biological evolution, in which genetic material of genetically fit individuals is
more likely to be passed to future generations. To determine optimal system designs, the GA
is motivated by an objective function, producing successive superior generations through
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mating of elite solutions. Convergence is achieved when an ultimately optimal solution is
determined, given a set of convergence criteria. Figure 4 depicts a flowchart of the GA used in
this study.
The GA used in this study begins by creating an

Create initial,
random population

initial population of solutions, that is, 100 randomly
generated co-located arrays, with 21 WECs in each
array (each WEC location is referred to as ‘gene’).

Evaluate

Each array is evaluated by undergoing a wave
simulation, through which the wave height

Delete Non-Optimal Solutions

reduction is calculated. Because I want to maximize
wave height reduction in the lee of wave energy

Crossover

Immigration

converters, the top 30% of layouts with the largest
wave height reduction are copied over (“cloned”) to

Mutation

the next generation of solutions.
After copying over the 30 elite individuals, the

Evaluate

natural selection step occurs. Through a crossover
operation, 30 pairs of ‘Parents’ are created by
randomly selecting from the ‘Elites’. For each

NO

Convergence?

parent, 10% of the genes, or WEC locations, are
YES

swapped, so that their ‘child’ array has 90% of
WECs in the same locations as Parent 1, and 10%

Stop

of WECs in the same location as Parent 2. This
process is repeated until 30 child arrays are created

Figure 4: Schematic of this study’s GA

and added to the 30 elite solutions in Generation 2.
This step promotes variability in the next generation of solutions, while retaining some elite
genetic material, and helps explore the local solution space for optimal solutions.
Next, Mutation occurs. From the elite solutions, 10 arrays are selected. In another file, 100
random WEC locations are generated. Each of the 10 selected arrays has a single WEC
location selected at random, and is swapped for a randomly selected mutated WEC location
from the Mutation file. This step promotes random variability in the next generation of
solutions, while introducing random variability into elite genetic material. Mutation helps the
GA explore the entire solution space, rather than just the local solution space.
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The last step in the natural selection process is the Immigration step. This step generates 30
random individuals, and is meant to introduce new genetic material into the next generation of
solutions. This prevents the GA from getting stuck in a local optimum, and helps the
algorithm explore the entire solution space.
At this point, the child generation is made up of 30 Elite arrays, 30 Crossover arrays, 10
Mutated arrays, and 30 Immigrated arrays. All of them are evaluated and ranked based on
their resulting wave height reductions, just as the previous generation, and the Natural
Selection process begins again. The parameters used in this work are summarized in Table 3.
Table 3: GA Parameters
%
Number of Arrays

100

Number of WECs in each Array

21

Elitism Rate (%)

30

Crossover Rate (%)

30

Genes Swapped (%)

10

Mutation Rate (%)

10

Genes Mutated (%)

10

Immigration Rate (%)

30

The GA is allowed to repeat this process (Figure 4) until the solutions meet given
convergence criteria. For this study, the convergence criterion is based on no improvement;
the best array in each generation must be the same as subsequent generations, for 50
consecutive generations. This convergence criterion is based on preliminary work, shown in
Figure 5.
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Figure 5: Objective evaluations over generations

As can be seen from Figure 5, significant improvements were achieved after 20
generations of no change in the objective. By defining the no-change limit to be 50
generations, I aim to avoid stopping the GA prematurely before the optimal array solution is
reached.

2.4.5 Evaluation
WEC arrays are evaluated on their ability to minimize wave height in the offshore wind
array. Wave height reduction is calculated by a two-step process. First, the wave height is
evaluated via a SWAN simulation for only the offshore wind array. Then, WECs are placed in
the nested grid space for subsequent SWAN simulations, keeping all other parameters and
inputs the same. Each simulation results in an output matrix, with each value in the matrix
representing the wave height within each 17 m by 17 m grid cell. By comparing the wave
height matrix from the base case to the wave height matrix for subsequent simulations, I create
a wave height reduction matrix. I then average the wave height reduction over the entire wind
turbine array.
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2.5 Results and Discussion
Peripherally distributing WECs in front of an offshore wind array resulted in ~42% wave
height reduction within the farm. Over successive generations, the GA began converging by
moving WECs closer to the offshore wind array. Near-optimal configurations show WECs
exploiting other WECs’ wakes, optimally superimposing their wake, or further decreasing the
wave height in their lee. These patterns can be seen in Figure 6.

Figure 6: Wave height for GA-produced arrays, random on left, nearly-optimal on right.

Near-optimal WEC array layouts exploited WEC placements not just to the west of the
wind array in the prevailing wave direction, but also along the secondary or tertiary wave
directions (the northwest and southwest). While wave regeneration would normally occur
within the wind array after the first few columns, WECs absorbing energy from secondary and
tertiary wave directions resulted in less wave regeneration and greater sustained wave height
reductions in wind turbines farther east in the wind turbine array.
Unfortunately, the algorithm constraint defining possible WEC locations as outside the
wind array did not work as expected, resulting in some WECs being located in the wind array.
This mishap, however, resulted in an interesting finding: that WECs consistently placed
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themselves halfway between the west and east borders of the wind array. This is thought to be
due to WEC placement in the farm impeding wave regeneration within the wind array.
Astariz et al. [48] found similar results regarding WECs minimizing spacing between each
other and wind turbines, but found smaller wave height reductions (their best wave height
reduction was 27.42% for Wave Case 1). This could be due to the ability of the GA to
evaluate thousands of array layouts (in this case, over 10,000), whereas Astariz et al. tried 42
layouts (14 array layouts across 3 different wave states). They also found that curved arrays
performed better than angled arrays. It is too early to tell from the presented results to know
which array shape is more optimal, according to how I constructed this GA.
In future evaluations of this GA, I plan to evaluate other wave cases, to see if they result in
variations of WEC array layouts. I also plan to try varying the number of WECs in the
solution space, and seeding my algorithm with nearly-optimal results and changing the
convergence criteria to allow the GA to continue to find optimal solutions.
A few potential future explorations arise from these findings. First, with optimal WEC
array placement reflecting the need to absorb wave energy coming from not only primary, but
also secondary and tertiary wave directions, it follows that preventing wave regeneration
within a wind farm could have added effects for structural reliability on wind turbine
foundations. Future potential work could involve the reliability analysis of wind turbine
foundations under co-located conditions. Although co-located array development has already
been identified as having cost savings through increased access, perhaps co-location also has
effects on structural fatigue of components.
A second idea that arises from these findings is in regards to optimal WEC arrays
maximizing density in front of the wind turbine array. While this study’s objective only seeks
to reduce wave height, creating a multi-objective objective function by adding a power
production and cost term might influence the optimal WEC arrays to form a different layout.
For instance, if the objective function included wave height reduction and power production,
the algorithm would be motivated both to place WECs as densely as possible to minimize
wave height, but also to place them far enough away so that each WEC is producing as much
energy as possible. In a related idea, if a cost objective were to be added to this objective
function, the GA would need to determine the optimal number of WECs to balance O&M cost
savings and WEC power production with the cost of adding devices to the WEC array.
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2.6 Conclusions
In this study, I proposed a genetic algorithm (GA) approach to explore optimal co-located
wind-wave array configurations. Specifically, the algorithm maximized wave height
reductions within a wind turbine array in the lee of a WEC array. To accomplish this, I used a
nested SWAN model to simulate wave propagation given WEC placement, dictated by the
GA. A single wave case was used to generate optimal co-located layouts. The wind array
layout consisted of 80, 2-MW Vestas turbines, 80 m in rotor diameter, while the WECs array
layout consisted of 21 WaveCat devices, 90m in length.
Through this approach, optimal WEC array layouts for a co-located array were described,
resulting in wave height reductions of 42% across various wave conditions, which is nearly a
25% improvement on previously used methods. Results also showed that, to achieve
maximum wave height reduction, WECs exploited each others’ wakes to maximize wave
height reduction, and minimized their distance from the wind array. WECs in optimal arrays
also were located along not just primary, but also secondary and tertiary wave directions. This
could be motivated by wave regeneration within the wind turbine array, as well as absorption
of wave energy from multiple directions.
In conclusion, a GA approach is an effective way to determine optimal co-located array
layouts, resulting in greater wave height reductions that previously used methods. This GA
will be used in the future to explore the effect of co-located arrays on reliability in wind
turbine arrays, as well as to explore how multi-objective functions with competing objectives
effects optimal array layouts.
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Chapter 3: Analytical Cost Modeling for Co-Located Wind-Wave
Energy Arrays
3.1 Abstract
Offshore wind and wave energy are co-located resources, and both the offshore wind and
wave energy industries are driven to reduce costs while maintaining or increasing power
production within developments. Due to the maturity of offshore wind technology and
continued growth of both offshore floating wind and wave energy converter (WEC)
technology, there is new opportunity within the offshore renewable energy sector to combine
wind and wave technologies in the same leased ocean space through co-located array
development. Combining wind and wave energy technologies through co-location is projected
to have synergistic effects that reduce direct and indirect costs for developments. While
several of these effects have been quantified, many have not been related to cost, and there is
currently no cost model that incorporates all of these effects. Further, in areas where fixedbottom offshore wind structures are infeasible, floating offshore wind platforms could provide
access to plentiful resource further offshore. In this paper, we develop a cost model that
represents co-located array developments, particularly for floating offshore wind and wave
energy converter technology, and identify research gaps and uncertainties to be minimized in
future work.

3.2 Introduction
In the offshore renewable energy industry, offshore wind is the only technology that has
reached global commercial installation. In 2016, global offshore wind capacity reached 14.4
GW, with another projected 3 GW global installed capacity in 2017 [68]. Although Europe
began installation two decades ago and still contributes half the global capacity, emerging
markets in Asia and North America are indicative of increasing global adoption. Further cost
reduction remains critical for offshore wind energy to remain competitive and continue to
grow in global implementation.
Not all areas with plentiful wind resource can be accessed by the more proven fixedbottom offshore wind platform design commonly employed. In areas already well developed
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with offshore wind, developers are looking to access the greater wind resource in deeper
waters. In other regions, the local bathymetry requires floating wind technology instead of
fixed-bottom structures to realize offshore wind (such as off the United States West Coast,
where the continental shelf drops off steeply). Although necessary to access resources in these
areas, floating offshore wind remains more expensive than its fixed-bottom counterpart, and
requires cost reductions to become feasible.
Unlike fixed-bottom wind energy arrays, wave energy technology has not yet reached
commercial scale. Although wave resource is plentiful, wave energy technology is still
immature in comparison with offshore wind. However, offshore wind and wave resources
often coexist in the same locations, and similarities exist between the two technologies related
to the environment for which they are engineered and permitted.
Co-location of offshore wind turbines and wave energy converters (WECs) in the same
leased ocean space exploits these similarities in effort to reduce costs and increase power
production. These costs can be related to technical opportunities, such as increased power
development due to more devices being placed in the same area, or they can be related to nontechnical opportunities, such as sharing of business and administration costs. The objective of
this research is to analyze these synergies, and through this analysis, create an analytical cost
model for a co-located wind-wave array. I propose an analytical cost model for the purposes
of applying computational optimization techniques in the future. Such techniques have been
previously used in fixed-bottom [9], [28], [69], [70] and floating [29] offshore wind
technology, as well as with WEC technology [39], [41]. Building an analytical cost model that
can be used as an objective function for these optimization schemes will allow for further
increases in cost competitiveness of all these technologies through optimization of system
parameters.
This study is divided into six sections. First, I review existing literature on co-located
arrays to highlight opportunities for shared costs, as well as future areas of research that are
needed to address shared-cost uncertainties. Then, I discuss the cost model structure, along
with the methodology for developing each cost component. Lastly, I apply the cost model to a
theoretical co-located floating wind-wave array, to be compared with current offshore
renewable energy developments.
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3.3 Previous Research
Although co-located wind-wave arrays are subjects of more recent study, the body of
literature that encompasses co-located arrays (wind-wave and otherwise), hybrid platforms,
and cost information for offshore wind and wave energy is extensive. Therefore, this literature
review will focus on literature that influences our understanding of potential shared costs of
co-located floating wind-wave systems, and cost-models available for analogous systems.
Those wanting an extensive, broader review of co-located array and hybrid wind-wave
technology should refer to the review by Pérez-Collazo et al. [4].

3.3.1 Opportunities for Shared Costs
Co-located wind-wave arrays have been studied since the mid-2000s (the earliest paper
cited here is 2006), but has recently become more popular in published literature, encouraged
by a group of EU-funded projects [5], [71]–[73]. Shared cost opportunities based on this
technical literature can be categorized by their influence on the development phases of a colocated array project. These development phases are defined as pre-installation,
implementation, operation, and decommissioning phases [74]. The following section describes
shared costs considered in the development of the present cost model.
Pre-installation costs include development and consenting costs, or costs incurred from
developing a concept to the point of financial close or commitment to build. During this phase
of the project, environmental implications (such as site characterization or permitting) and
social implications (such as stakeholder engagement processes, infrastructure planning, or site
selection) are necessary to the project, and can be achieved through coordinated efforts
between offshore wind and wave energy developers. Although not all costs can be shared (for
example, different permitting might exist for a bottom-mounted WEC than a fixed-bottom
offshore wind turbine), many of the most expensive components [75] can be shared. Similarly,
social factors that can halt a project [76], [77] (for instance, due to unsuccessful stakeholder
engagement, or inability to finalize a Power Purchase Agreement) are often common between
offshore wind and wave energy projects. The cost of stakeholder engagement is highly
situational, thus it follows that the incremental costs between developing a co-located array
versus a wind-only or wave-only array is also highly variable. Consequently, savings from colocation may be negligible, as we assume in this cost model. Therefore, costs from wind- and
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wave-only arrays are used as a proxy for co-located arrays. An area of needed future work is
investigating the social and political differences between co-located wind-wave installations,
and wind- or wave-only installations.
Implementation costs include costs incurred while designing, building, transporting,
storing, installing, and commissioning the devices, foundations, mooring, anchoring, and
electrical infrastructure. Depending on the device design, WECs and wind turbines can share
many of these costs. Grid infrastructure, for instance, remains one the highest costs in both
offshore wind and wave energy developments. Sharing cabling and other electrical
infrastructure costs can lower cost per unit energy. Likewise, common structural components
such as foundations or mooring can be shared in some cases. In this paper, turbines and WECs
are assumed not to share these structural components. However, it is important to note that
each structure will have its own effect on the hydrodynamics and sediment of the site, which
can affect devices downstream or downwind. Engineering analysis is required in this area to
understand what structural costs can be shared in these co-located systems, and how that
sharing may lead to hydrodynamic or sediment differences in the site. Lastly, shared logistics
resources and personnel are not only high cost, but can delay progress in installation (and
O&M processes and decommissioning) due to availability or proximity to the project. By
sharing the same logistical resources, costs for these services can be shared, and downtime of
devices waiting servicing can be minimized.
Once in operation, a co-located array has two means by which to exploit shared
opportunities: through operational expenditure (Opex) reduction, and through power
production enhancement.
Opex includes costs that start after the point of issue of a take over certificate, and are
continued until decommissioning of the devices. As mentioned, sharing logistics provides an
opportunity to share costs during O&M. Specific to O&M, the longer a device is out of service
or performing sub-optimally, the longer it is temporarily not producing power. Moreover,
when WECs are placed peripherally along the offshore wind farm facing the dominant wave
directions, the WECs will decrease the wave height in their lee [4], [6], [7], [51], [52]. This
effect was originally termed the Shadow Effect [78], and if layouts are arranged to capitalize
on this effect, wave heights can be decreased within the offshore wind farm. Decreased wave
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heights thereby increase the accessibility of the wind farm so that O&M personnel can have
more and longer weather windows, as well as decrease downtime of the devices.
In a co-located array more energy is being captured because more devices are added to the
same ocean space, which results in greater power production per unit area [79]–[81].
Additionally, different resources are being converted, so while adding a wind turbine to the
back row of a wind turbine site might result in sub-optimal performance of that added turbine
due to wake effects, adding a wave energy converter should not affect the wake interactions of
the wind turbines significantly. System-balancing costs can be decreased due to wave energy
resources being more predictable and less variant than wind [2], [3], [82]. In addition, because
of variations in wind and wave resource characteristics (such as wave peaks lagging behind
wind peaks [52] power quality is enhanced by smoothing effects. In fact, grid integration can
be optimized in co-located systems by layout of the array, varying ratios of devices, and site
selection [3], [45], [46], [82]–[86].
Finally, decommissioning costs include the removal of equipment and materials after the
useful life of the devices. Decommissioning costs mirror implementation costs for many
components, and have opportunity for shared costs in permitting for removal processes and
logistics cost.

3.3.2 Economic Models
Four cost analyses have been used to inform how floating offshore wind and wave
technologies can be combined from an economic perspective, through analyses of co-located
arrays [56], hybrid wind-wave platforms [87], and floating offshore wind platforms [88]–[90].
Astariz et al. [56] calculate levelized cost of a co-located array at the Alpha Ventus wind
farm and a theoretical, peripherally distributed WaveCat [66] array with a 20-year lifespan. A
discounting method was used to calculate LCOE, which was a function of layout (number of
devices, configuration, orientation, and space between devices), and varied given an applied
learning rate (a decrease in cost given increased global installed capacity) of 0.85%, 0.87%,
and 0.90%. This study showed that LCOE of co-located arrays is strongly influenced by
learning rate and WEC array layout.
Costs included preliminary costs, capital costs, O&M costs, and decommissioning costs.
Engineering tasks and licenses comprised preliminary costs and capital costs included those
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incurred by the WEC system, as well as the electrical system. WEC system costs were broken
down by component; WEC materials based on a 1.2 MW WaveCat [66], the power-takeoff
(PTO) system, mooring, and installation. The electrical system included the medium voltage
inter-array cable, the high voltage export cable, and the offshore substation. Both scheduled
and unscheduled maintenance was accounted for in O&M costs, as well as insurance and
‘other costs’, which include leasing, administration, and miscellaneous fees.
Decommissioning costs were assumed to be 0.75% of the initial costs.
Astariz et al. use cost sharing opportunities throughout the cost model, particularly in
O&M costs. In preliminary costs, the authors assumed a site characterization and licensing
cost based on existing WEC cost literature, and assumed all site characterization and
permitting from the offshore wind farm had already been completed. In addition, the authors
assumed common design elements, such as the offshore station and the export cable could be
the same for both Alpha Ventus and the WEC array. These cost sharing opportunities resulted
in 12-14% reductions in capital costs. O&M costs were reduced by 12% from sharing of
personnel, repair vessels, and access. Cost sharing associated with installation and
decommissioning resources and services was not included because the Alpha Ventus was
assumed to already exist, with later installation of WECs. If the WECs and wind turbines in a
co-located array were to be installed at the same time and have the same lifespan, they would
also share these costs. Enhanced power production was also calculated, resulting in a LCOE of
288-302 €/MWh, a 55% reduction compared to a wave-only array, and a 200% increase
compared to a wind-only array.
Although Astariz et al. use a bulk learning rate and have proven its impact on LCOE, this
study does not incorporate learning rate into the present cost model. Learning curves require
assumptions to be made about starting costs, learning rates, and capacity at which sustained
cost reductions occur, and are also sensitive to small variations in these values [91]. While
some factors influencing learning curves can be calculated for co-located systems (such as
influence of economies of scale), others have associated uncertainty that has not yet been
quantified (such as those effects associated with co-design of these systems). As co-located
arrays become more studied, exploring the tow-way effects between learning curves and colocation will become an area of needed future work.
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A methodology was also developed by Castro-Santos et al. for a hybrid wind-wave
platform, rather than a co-located wind-wave array [87]. Using a life cycle cost approach, they
include seven cost categories: concept definition, design, development, manufacturing,
installation, O&M, and decommissioning. Concept definition includes the costs of feasibility
studies, taxes and other legislative costs, and environmental measurements to be used in farm
design. Design, development, manufacturing, and installation costs are noted for each device
subsystem: the device, the floating platform, moorings, anchors, and electrical system. O&M
costs include insurance, business, administrative, and legal fees, as well as preventative and
corrective maintenance. These maintenance types include costs associated with the transport,
material, and labor costs of each subsystem. Lastly, decommissioning costs included vessel
and personnel costs for removal and cleaning of the energy site, and included costs for
dumping components and negative costs (income) for scrapping components when
appropriate, as indicated in their analysis per subsystem.
Two papers, first by Castro-Santos and Diaz-Casas and later by Myhr et al., use a similar
life cycle cost approach to calculate costs for floating offshore wind platforms [89], [90],
resulting in similar cost categories to that used in Castro-Santos et al.’s cost analysis of a
hybrid wind-wave platform. The costs that are specific to floating offshore wind technology
have been used to develop the cost model in this study. Moreover, the structure of the cost
model is relevant and is adapted for this paper.

3.4 Cost Model Development
The methodology proposed relies on generic WEC structure breakdown and project phases
to define cost components [74]. This methodology uses a life cycle cost approach and covers
the full device life cycle costs of co-located floating wind-wave arrays [87], [89], [90].
We use cost of energy (LCOE) in this study as it is a prevalent measure by which many
renewable energy technologies are compared [92], [93]. Here, LCOE is measured in
$USD/MWh, and is representative of the break-even cost of electricity (no revenue to the
utility). Although the presented cost methodology can be applied to any location, the LCOE
measure is context-specific, as reflected in the case study shown in this paper.
The LCOE is equal to the costs (!! ) incurred throughout the lifespan (!) of the co-located
array, divided by the power produced (!! ) in that lifespan!(!).
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!"(!"#$#)
!"#$ =
=!
!"!(!"#$"#)

! !!
!!!
! !!
!!!

(1 + !!"#$%&'( )!

(5)

(1 + !!"#$%&'( )!

(!") is present value, obtained by a discounting method with a given discount rate
(!!"#$%&'( ). The discount rate converts one-time costs to annual costs, and factors out inflation
rate (meaning all costs are constant $USD) [92]:

!!"#$%&'( = !

!!"##"$%&' + !!"#$%&!"#
1 − ! !!"#$%&!'"

(6)

Here, !!"##"$%&' is the borrowing rate for a loan and !!"#$%&!'" is the inflation rate. In
previous literature, a 12% discount rate was used [94], while others calculated discount rate
given a 10% borrowing rate [89], [92], 5% [92], or 2.5% [89] inflation rate. In this study, we
will use a 10% borrowing rate and a 2% inflation rate.
The costs incurred over the lifecycle of the co-located array include the cost of preinstallation (!!"#!!"#$%&&%$!'" ), implementation (!!"#$%"%&'(')*& ), Opex (!!"#$ ), and
decommissioning (!!"#$%%&''&$(&() ) phases of the project:

!! = !!"#!!"#$%&&%$!'" ! + ! !!"#$%"%&'(')*& + ! !!"#$%&'() + ! !!"#$%%&''&$(&()

(7)

These costs, along with the methodology for determining power produced by the co-located
array, will be further described in the following sections.

3.4.1 Pre-installation
Pre-installation costs include costs associated with feasibility studies; site selection,
characterization, and monitoring; permitting; stakeholder engagement efforts; and array
design.
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!!"#!!"#$%&&%$!'" = !!"#$%&%'%() + ! !!"#$ + ! !!"#$%& + ! !!"#$#%&%"' + ! !!"#$%&

(8)

Information about pre-installation costs is context-specific and is one of the costs to which
the overall project cost is most sensitive [92]. Most economic analyses either do not include
pre-installation costs [95]–[99], or include a conservative estimate for “other” costs with
capital expenditure (Capex), but do not fully describe how these “other” costs are being
calculated. For instance, pre-installation costs have been estimated to be 12% of Capex [92],
[98] or 2.45-2.65 m€ total [56]. Pre-installation costs were sub-categorized for a hybrid
platform and were estimated at 100,000 € for market studies, 144,262 € for legislative costs,
and 3-5 m€ for farm design, dependent on the size of the farm [87]. A current construction
project, Pacific Marine Energy Center’s South Energy Test Site (PMEC SETS) is investing $5
million in design and permitting in the second phase of the project, which does not include
money spent on pre-installation costs during the first phase of the project [100]. This cost is
inflated due to the mission of the research facility (non-regulatory research is being conducted,
which incurs higher prices), but the project is also smaller than most commercial installations.
Costs due to viewshed alteration were found to be, on average, 3% of the project cost [87].
During early phases of development in the US, these pre-installation costs are significant to
total project cost, but will most likely be highly influenced by learning rates and public
perception. Table 4 highlights preliminary cost categories and values used in the literature.
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Table 4: Pre-installation costs
Reference

Description

Cost

[56]

“Engineering tasks and licenses” in a co-located wind-wave array

570,000 €

Feasibility study

100,000 €

Legislative factors

474,951 €

Farm Design for a hybrid wind-wave platform

5,141,382
€

[90]

Feasibility study, legislative factors, and farm design for a floating wind
turbine

6.79M €

[89]

Environmental, met station, and sea bed surveys, front-end engineering and
design, project management and development services of 500MW floating
wind turbine

€104,106k

[101]

Viewshed costs

3%

[102]

Siting and Permits

2% of IC

GHG Investigation

0.5% of IC

1

[87]

In this study, we use pre-installation costs based on a 500 MW floating wind site [89].
Although we recognize that the rated capacity of the co-located floating wind-wave array is
lower than 500 MW, most of the costs included are not dependent on site capacity. We did not
include permitting, public engagement, and viewshed cost explicitly, due to lack of data, and
site-specific variation. For example, more stakeholder engagement funds might be required in
a community unfamiliar with offshore renewable energy. Likewise, permitting can pose a
barrier to implementation in some communities, but the permits required and their costs are
not known for newer technologies in this industry.

3.4.2 Implementation
The cost of implementation includes the cost of designing, building, transporting, storing,
installing, and commissioning all subsystems of the site, which for our purposes, will include
WEC and wind turbine structures, mooring, and anchors, and a shared electrical system.
!!"#$%"%&'(')*& = !!"#$%& + !!"#$% + !!"#$%&'"(! + ! !!"#$%&' + !!"#$%&&
+ !!"##$%%$"&$&'
!

1

In this paper, costs in [87] refers to the costs of the 105.40 MW Poseidon array in Aguaçadoura case study

(9)
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Design, build, and transport costs are considered here to be separate for WECs and
turbines, although realistically, there could be coordinated efforts that share costs. Therefore,
the cost of designing, building, and transporting the co-located devices is the sum of these
costs for WECs and turbines.
!!"#$!" = !!"#$%&!"# + !!"#$%&!"#$%&'

( 10 )

!!"#$% = !!"#$%!"# + !!"#$%!"#$%&'

( 11 )

!!"#$%&'"( = !!"#$%&'"(!"# + !!"#$%&'"(!"#$%&'

( 12 )

Shared cost opportunities are considered for storage costs, installation costs, and
commissioning costs.
The costs per subsystem and cost component used in literature are listed in Table 5.
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Table 5: Capital costs
Reference

Description

Cost

[56]

Device

9.18 m€/WEC

PTO

6 m€/WEC

Mooring

10,370 €/WEC

Installation

0.3 m€/WEC

Inter-array cable

380 €/m

Offshore station

2,950,000 €

Export Cable

750 €/m

Design/Development

245,371 €

[87]

Manufacturing
Device

94,078,680 €

Platform

64,728,921 €

Mooring

6,137,841 €

Anchors

6,728,996 €

Electrical System

10,582,566 €

Installation
Device

510,000 €

Platform

59,165,502 €

Mooring/Anchors

708,708 €

Electrical System

12,986,037 €

Start-Up

600,000 €

Design

0.24 m€

Manufacturing

215.38 m€

Installation

18.73 m€

[89]

500MW Capex

4.6 m€

[103]

Device

$112,312,800

Mooring

$21,104,460

Anchors

$44,064,000

Facilities

$12,000,000

Electrical System

$4,350,000

Construction Financing

$9,691,340

Construction Mgmt

$16,940,702

Commissioning

$17,647,000 (5% of cost)

[90]
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For offshore wind in the US, capital costs vary based on depth of installation and discount
rate. At 3% discount, capital cost is given as 71.80 to 81.77 $USD/MWh. At 5%, it is between
106.04 and 120.76, and for 7%, it is 135.72 and 154.47 $USD/MWh [104].
Installation costs for a commercial Pelamis P1 wave power plant in California are
estimated at $2.79 million, composed of cost components summarized in Table 5 [103]. In a
co-located fixed-bottom wind-wave array, the capital costs included “all costs incurred by” the
WEC device, PTO, mooring, installation, and electrical system (further described in Table 5),
and was estimated as 513-607 m€ [56].
In this study, we estimated the design of each subsystem to be 0.24 m€ converted to $USD,
based on [90]. The value for !!"#$%!"# includes the cost components for the device, mooring,
and PTO on a per WEC (!!"# ) basis [56].
!!"#$%!"# = 1,519,037 ∗ !!"#

( 13 )

The value for !!"#$%!"#$%&' is based on the rated capacity of the turbines (!!"#$% !"#$%&' )
[88].
!!"#$%!"#$%&' = !!"#$% !"#$%&' *1,480,000

( 14 )

This cost to build the turbine does not include mooring for the turbine. Mooring is
calculated by summing the cost of the mooring components, the length of the mooring line
(ℎ), and the number of turbines (! !"#$%&' ).

!!""#$%&!!"#$%& = 39772 + 520820 + 1096ℎ ∗ ! !"#$%&' *1,480,000

( 15 )

The substation cost equation is dependent on rated power and assumes the substation is
onshore [88].
!!""#$%&!"#$%&' = 20 ∗ !!"#$% + 200,000

( 16 )

Cabling cost is the sum of the inter-array and export cables, and is based on the length of
the inter-array (!!!"#$%!!""!# )!and export cables (!!!"#$%& ) [88].
!!"!"# !"#$%!!""!# = 307 ∗ !!!"#$%!!""!#

( 17 )
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!!"#$% !"#$%& = 492 ∗ !!!"#$%&

( 18 )

Cost of installation [88] is determined on a per device basis:
!!"#$%&&%$'(" = 977620 ∗ (! !"#$%&' + ! !!"# )

( 19 )

3.4.3 Operation
Operational costs include O&M, but also insurance costs, and costs associated with
ongoing business, administration, and legal services and resources.
!!"#$%&'() = !!&! + !"!"#$%&"'( + !"!"#$%$&'()'$*%

( 20 )

Administrative costs are calculated by multiplying the sum of yearly administration,
business, and legal fees (!!"#$%$&'()'$*% )!by the lifespan (t) of the co-located array.
O&M costs are calculated by multiplying the sum of the yearly cost of maintenance by the
lifetime of the farm. A factor of 0.82 was applied to account for the 12% reduction in O&M
costs [56].
!!&! = 0.82!(!!&! !"#$%&' + !!&! !"# )

( 21 )

The cost of turbine O&M is dependent on the rated power of the turbines [32], and the cost
of WEC O&M is based on the rated power of WECs [56].
!!&! !"#$%&' = !!"#$% !"#$%&' ∗ 13300 ∗ !

( 22 )

!!&! !"# = !!"#$% !"# ∗ 95230 ∗ !

( 23 )

Operations costs from existing literature are included in Table 6.
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Table 6: O&M Costs
Reference

Description

[56]

Wind (Alpha Ventus)

Cost

Maintenance

8.8 €/MWh

Administration and misc.

5.5 €/MWh

Insurance

3.3 €/MWh

Rent

3.3 €/MWh

Electricity

1.1 €/MWh

Wave-only (30 WEC)
Maintenance
Other

3,150,900
€/yr

Insurance

133,200 €/yr

Rent

4,020,843
€/yr

Co-Located

243,945 €/yr
12% O&M

[87]

Insurance

8,622,250 €

Business, administration

3,000,000 €

O&M

302,730,039 €

Maintenance

4.766 m€/yr

Insurance

17,500 €/MW

[90]

Insurance, business, administration, and O&M costs for 5MW Windfloat
site

107.93 m€

[103]

Maintenance

$6,618,177/yr

10-year Refit

$23,534,601

Insurance (2% IC)

$4,295,752/yr

[89]

Although insurance costs vary by development phase, the costs of insurance have been
summed over all development stages and included in this operational phase for simplicity.
Insurance cost is calculated by an insurance rate (!!"#$%&"'( )!applied to the project cost.

!!"#$%&"'( = !!"#$%&"'( !(!!"#!!"#$%&&%$!'" + !!"#$%"%&'(')*& + !!"#$%&'()
+ !!"#$%%&''&$( )

( 24 )

38
Table 7 cites insurance costs used in previous literature. In this study, we use an insurance
rate of 2% of O&M costs [102].
Table 7: Insurance Rates
Reference

Description

Cost

[56]

Carbon Trust

2%

[87]

Carbon Trust/EWEA

13-14% Opex

[90]

IWEA

15000 €/MW

[89]

EPRI

37 €/MWh

[103]

Astariz( average of those above)

3.3 €/MWh

EPRI OR (about $4296000, and is for mature offshore tech)

2% Total O&M Cost

Administration costs are calculated by multiplying the yearly support service, business, and
legal fees by the lifespan (t) of the co-located array.
!!"#$%$&'!"#$%& = !(!!"##$%&!!"#$%&"' + !!"#$%&## + !!"#$% )

( 25 )

Administrative cost values used in existing literature are described in Table 6. In this study,
we used $3 million in administrative fees [89].

3.4.4 Decommission
Decommissioning costs include the cost of removal of the devices, mooring, anchors, and
the electrical system on the energy site after the project lifespan of 20 years. Each of these
subsystems includes dismantling, transport, and processing between the site and the port.
After processing, the site is cleaned, followed by removal from the port of materials to be
dumped or sold as scrap.

!!"#$%%&''&$(&()

( 26 )

= !!"#$%&'("&) ! + ! !!"#$%&'"(#()'$ + ! !!"#$%&&'() + ! !!"#$%&%!
+ ! !!"#$%&'

Decommissioning costs in existing literature are included in Table 8. For this study, we
based decommissioning costs on the rated power (!!"#$% ) of the co-located array [90].
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!!"#$%%&''&$(&() = 6431 ∗ ! !!"#$%

( 27 )

Table 8: Decommissioning costs
Reference

Category

Cost

[56]

0.75% IC

4,080,690 €

[87]

Device

255,000 €

Platform

59,092,054 €

Mooring, Anchors

496,096 €

Electrical System

2,747,353 €

Cleaning

1,730,914 €

Processing (dump/scrap)

-424,26,738 €

[90]

Dismantling and eliminating of material, cleaning of site

5900 €/MW

[89]

Removal, transport, and recycle

160% of IC

3.4.5 Power Production
The energy produced by the co-located array is dependent on the devices chosen for the
site, their layout (which determines their interactive effects on power production), and sitespecific resource availability, but the formula to calculate energy production is the constant.
First, the power of the co-located array (in MWh/year) is the sum of the wave energy
produced by the WECs (!! !"# )!and the wind energy produced by the floating wind turbines
(!! !"# ), and is dependent on the efficiency of transmission equipment (!!"#$%&'%%'($ ).
!! = !!"#$%&'%%'($ (!! !"# + !! !"#$%&' )

( 28 )

The wave energy produced by the WECs is dependent on the number of hours a year (!)
the WEC is available (!!"!#$!%#$#&'

!"#

)!to produce power, the number of WECs in the space

(!!"# ), and the power produced by each device (!! !"#$%",!"# ):
!! !"# = !!"!#$!%#$#&'

!"#

∗ !!"# !!

!"!"#$,!"#

∗!

( 29 )

The wave energy produced by a single WEC (!! !"#$%",!"# ) can be calculated either by use
of the WECs empirically determined power matrix and the local sea state matrix, or by the
calculation of raw wave energy available based on wave period (!! )!and significant wave
height (!!! ). In this study, we use the latter method in wave modeling software that provides
local environmental context.
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!! !"#$%",!"# =

!!"#$% ∗ !!
!
!! ∗ !!!!
64!

( 30 )

!!"#$% is the density of seawater in kg/m3, ! represents the gravitational acceleration in
m/s2, !! is measured in s, and !!! is measured in m.
Using SWAN, this study is able to account for local environmental factors when
calculating wave height and power. WECs, as described in the case study, are represented
using an empirically-determined transmission coefficient published by Fernandez et al. [66] to
calculate energy produced from the total available wave energy.
The wind energy of the co-located array is dependent on the availability of the wind
turbines (!!"!#$!%#$#&'

!"#$%&'

), the energy produced in a year (!), the number of turbines

(! !"#$%&' ), and the energy produced by each turbine (!! !"#$%",!"#$%&' ):
!! !"#$%&' = !!"!#$!%#$#&'

!"#$%&'

∗ ! ! !"#$%&' ∗ !!

!"#$%",!"#$%&'

∗!

( 31 )

The energy produced by a single wind turbine is given by:
!! !"#$%&' =

1
! !! ! !!
2 !"#

( 32 )

Where !!"# is the air density in kg/m3, ! is the swept area of the turbine blades (m2), ! is
the wind speed in m/s, and !! is the power coefficient. In this study, we use 0.34 for the power
coefficient. Wind energy produced is only calculated for wind speeds above the turbine’s rated
cut-in wind speed. We account for wake effect [30] through a three-dimensional extrapolation
of the Park Wake Model, where the wind speed downstream of the wind turbine is calculated
by:
!

! = ! !! [1 − (

!!

! !! !!!!

)! ]

( 33 )

Where (!! ) is the ambient wind speed in m/s, (!! ) is the rotor radius of the upstream
turbine, and (!! ) describes the air entrainment and is represented by the following equation:
! =!

0.5
!
ln!( )
!!

where (!) is the hub height and (!! ) is the surface roughness.

( 34 )
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3.5 Case Study
In this case study we test the proposed cost of energy model for a co-located wind-wave
farm that compares fixed and floating offshore wind technologies.

3.5.1 Study Area
This case study uses the area around the Horns Rev 1 offshore wind farm, which is located
15km west of Blåvands Huk (the westernmost point of Denmark) (Figure 7).

Figure 7: Location of study area and definition of grids (nested grid is shown outlined in black)

3.5.2 Wave Modeling
To model wave propagation, we used Simulating Waves Nearshore (SWAN), a wave
simulation tool, [48], [63], [105]. Using a nested grid approach, we defined the outer, coarse
grid from 7.0 to 8.8 degrees latitude, and 55.0 to 56.0 degree longitude with a grid resolution
of 200 m by 200 m. We defined the nested, fine grid from 7.7 to 8.0 degrees latitude, and 55.4
to 55.6 degrees longitude, with a grid resolution of 17 m by 17 m (which was based on the
smallest device diameter of 18 m). These grids can be seen in Figure 2. Bathymetric data used
in this study was obtained from EMODnet’s Bathymetric Tool. A JONSWAP spectrum model
was used because it is based off of observations of wave fields in the North Sea [106].
Fixed-bottom wind turbine foundations were represented by a transmission coefficient of
0.0 (all energy absorbed), while WECs were represented by a coefficient of 0.42 [66]. Due to
lack of existing literature, floating offshore wind turbines were represented similarly to WECs.
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3.5.3 Array Layout
The wind farm consists of 80 turbines laid out in an oblique rectangle that is 5 km by 3.8
km at depths of 6-14 m. This layout was maintained for both fixed-bottom offshore turbines
(as exists at Horns Rev 1 currently) and floating offshore wind turbines. We use WindFloat’s
2.0MW prototype platform, which uses the same Vestas V80-2.0MW turbine as those turbines
currently installed at Horns Rev 1. Although Horns Rev 1 is located in shallow waters where
floating wind turbines are not necessary, this study provides a comparison in cost for these
two technologies based on a well-studied development. The WEC array modeled in this study
was comprised of 26 overtopping WaveCat [66] devices, which are each 90m in diameter.
These WECs were staggered in two rows west of the wind turbine array, facing the dominant
wave direction. Figure 8 depicts this layout.

Figure 8: Co-located Array Layout of 26 WECs staggered in two rows, and 80 turbines in an oblique
rectangle layout

Wind turbines were placed at a minimum distance of 560 m from each other. The WECs were
placed at minimum distance of 280 m from the wind turbines, and 198 m (or 2.2D) from each
other.

3.5.4 Power Produced
Wind power production was calculated for 80 Vestas V-80 2.0MW turbines using a power
curve [107] and Horns Rev 1 wind power characteristics (Figure 9) [108]. The wind turbines
have a rotor diameter of 80 m, and a hub height of 70 m. The capacity factor is 0.4 [109]. The
resulting instantaneous wind power summed over 80 turbines is 45.42 MW.
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Figure 9: Wind rose for Horns Rev 1, from 1 June 1999 – 31 May 2002 [108]

Wave power production was calculated with wave height, period, and direction data from
[110] (Figure 10).

Figure 10: Wave rose of wave height, period, and direction [110]

The mean significant wave height was 1.5 m, and the period was 4.5 s. The availability
(!!"!#$!%#$#&'

!"#

) was assumed to be 0.95 (operating 95% of the year). Based on these

assumptions, the resulting instantaneous wave power produced over 26 WaveCat devices in
the described configuration was 26.406 MW.

3.5.5 LCOE Parameters
Based on the power production of the co-located array and the cost methodology described,
LCOE was calculated given parameters listed below in Table 9.
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Table 9: LCOE calculation parameters
Reference

Category

Value

Lifespan

20 years

Number of WECs

26

Number of floating turbines

80

[66]

Rated Power of WEC

1.2 MW

[89]

Rated Power of Turbine

2.0 MW

Borrowing Rate

10%

Inflation Rate

5%

Exchange Rate (€ to $USD)

1.09

Mean water depth

10m

Length of the inter-array cable

22400 m

Length of the export cable

15000 m

Cost per length inter-array cable

$307/km

Cost per length export cable

$492/km

[103]

Figure 11 shows a schematic of how cabling was assumed to be arranged in the co-located
array for calculating cable lengths.

Figure 11: Cable layout for co-located array: inter-array cabling is in thin line, with export cable in
thick line (export cable continues to shore)

3.6 Results & Conclusions
LCOE was calculated as $480.36/MWh, or 441.85 €/MWh, for the described layout of a
co-located floating wind-wave array. A cost breakdown for the different phases of cost model
development is shown in Figure 12. Opex is, by far, the largest portion of the cost, stressing
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the importance of improving cost synergies in this phase. Installation costs are second,
followed by pre-installation costs. Decommissioning costs are negligible, assuming some
materials of the devices can be sold for scrap.

Pre-install
Installation
Opex
Decommissioning

Figure 12: Cost breakdown of a floating wind-wave co-located array

This LCOE is appropriately situated amongst recent offshore wind and wave energy cost
literature that also uses lifecycle cost approaches [87], [89], [99], and those that analyze cost
of co-located arrays [56] (Table 10). LCOE values shown in Table 10 all depend on layout of
the array, the number of devices in the array, and the energy resource.
Table 10: LCOE comparison
Reference

Type of Array

LCOE

Floating wind-wave co-located array

441.85 €/MWh

[56]

Fixed-bottom wind-wave co-located array

296-308 €/MWh

[87]

Hybrid wind-wave device array

382-568 €/MWh

[89]

Floating Wind array

120.5-287.8 €/MWh

[56]

WEC array

669.96-687.74 €/MWh

Comparing our LCOE value to the LCOE reported for a (fixed-bottom) wind-wave array, a
floating wind-wave co-located array is more expensive. This is expected due to the higher cost
of floating wind turbine structures. Compared to floating offshore wind alone [89], the
floating wind-wave co-located array case is also found to be more expensive, as WEC arrays
are the most expensive [56], and increase cost in a co-located array scenario. These findings
indicate that co-location, although advantageous for the wave energy industry, may be less
advantageous for the offshore wind energy industry. This study only begins to identify costsavings associated with co-located arrays, and further research needs to be completed to
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completely understand the benefits co-location could have for offshore wind energy
developments. For instance, this study does not consider the impact of co-location on
technology-specific grants, tariff regimes, or reliability of these systems.

3.7 Conclusions
This paper presents an analytical cost model for a floating offshore wind-wave co-located
array. Cost methods are developed using a lifecycle cost analysis approach, while energy is
calculated using an extended Park Wake Model for wind, and SWAN wave modeling for
wave energy. The LCOE of a floating wind-wave array is $480.36/MWh, which is situated
appropriately amongst existing co-located fixed-bottom wind-wave array and floating wind
cost analyses. This first attempt at quantifying the LCOE of floating wind-wave co-located
arrays presents a methodology that can be used in computational optimization techniques to
further decrease costs in co-located systems through interactions between devices, as well as
site layout.
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Chapter 4: Comparing Machine Learning Regression Techniques for
Transmission-Related Storm Outages on the Oregon Coast
4.1 Abstract
Coastal Oregon towns are particularly susceptible to transmission related outages that can
cause an inadequate power supply or sustained loss of power. This vulnerability stems from
the lack of generation west of the Oregon Coastal Mountain Range, as well as a reliance on a
sparse transmission system that is susceptible to damage from weather events. This study uses
a machine learning regression techniques to predict the duration of an outage affecting the
transmission system in Lincoln County, Oregon based on local weather data.

4.2 Introduction
From December 1-3, 2007, the Pacific Northwest experienced a series of 50-year storm
events. These storms killed 38 people, caused over $488 million dollars in damage (2017
USD), and destroyed over 50,000 dwellings. In downtown Portland, wind gusts reached 116
mph, and other cities lost power for two to three weeks [111]. Although 550,000 electric
customers from northern California to British Columbia lost power, northwest Oregon and
southwest Washington were most affected, especially in coastal areas. Coastal areas and
ranges experienced greater damages from high winds (from 70-129 mph), landslides,
mudslides, debris flows, storm surges, heavy rainfall, heavy snowfall, high turbulent seas,
high surf, prolonged storm duration, and coastal and inland flooding of rivers, streams, and
drainage basins [112].
Furthermore, the storm and subsequent environmental events caused infrastructure
damages that left coastal Oregon communities without power and communications, disabling
most critical services. During the three-day storm period, transmission and distribution
electrical systems were flooded in low-lying coastal areas, undermined due to erosion and
landslides, downed from falling trees and debris, or simply blown over or broken by the wind.
Power outages caused collateral damage to wireless communications, weather stations, gas
stations, emergency responders, pump stations, hospitals, medical clinics, and 911 public
safety answering points [112].
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While part of the destruction to the electrical system was due to the storm intensity, the
vulnerability of the coastal electrical system is also partly to blame for the resulting damages
from power outages. Bonneville Power Administration and PacifiCorp service the lines that
transmit electricity from inland areas over the coastal mountain range to coastal areas in
Oregon and Washington. Oregon has six lines (rated at either 230 or 115 kV) that supply
coastal Oregon areas with 100% of the area’s power supply needs, sourcing all power from
east of the mountain range. The coast has no generation capabilities.
Few lines connect the coast to the Willamette Valley due to the coast's relative isolation.
Separated from the Willamette Valley by a heavily forested coastal range, building and
maintaining transmission infrastructure is expensive and labor-intensive. During storms, this
infrastructure is particularly prone to damage from wind, downed trees, rain-related flooding,
and slope instability. If one of these transmission lines is damaged in a storm, a large area is
impacted.
Important to note is the reliability of transmission versus distribution infrastructure during
such storms. For instance, in the storms that occurred early in December 2007, distribution
were more reliable than transmission systems, generally due to distribution systems being
located in cleared public road right-of-ways, rather than on forested mountain sides prone to
erosion [112]. This indicates that, if there existed local generation sources for Oregon coastal
regions west of the coastal range, electric systems would perform better during large outages.

4.3 Deployable Wave Energy Generation
One energy generation industry that has been enthusiastic about developing at Oregon's
coast has been the wave energy industry. As new technologies emerged and developers
became aware of the wave energy resource off the Oregon coast in the mid-2000s, the number
of wave energy companies that applied for permits off the Oregon coast was termed
collectively as the "Blue Rush" [113], [114]. Since that time, various technological,
economical, regulatory, and social factors have slowed development, leaving the Oregon coast
without any installed wave energy technology.
To remain in business, many wave energy developers have looked to alternative-use
business models, including emergency response and relief. M3 Wave, based in Beaverton,
Oregon, has created an alternative business model and developed a technology that is best
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used when emergency electricity is required. In the wake of this new industry movement, the
wave energy industry and coastal Oregon communities may have a mutual opportunity to
benefit from emergency wave power production following a storm event. If so, the use-phase
of the device (the frequency and duration the device will be used over its lifetime) must be
quantified so that developers can design WECs to meet those needs. Moreover, quantifying
the use phase of an emergency WEC will help determine the cost of this system, and the value
it brings to coastal communities under sustained outage events.

4.4 Problem Formulation and Approach
To quantify the frequency and duration of storm-related transmission outages, this study
develops a predictive model for outage duration based on weather data. The frequency and
duration of these outages can be used as a proxy for the use-phase of emergency WEC
systems, and also enable us to compare the value of loss load during an outage to the cost of
this WEC system.

4.4.1 Machine Learning Techniques
I used two machine learning regression methods to correlate storm characteristics and
power outages in Lincoln County, Oregon. I compared multiple regression methods (linear
and polynomial models with varying degrees), as well as support vector regression methods
using linear, polynomial, and Radial-Basis-Function kernels.
In supervised regression techniques such as those used in this study, we assume
independent and dependent variables x and y have an underlying function (called the target
function) that relates them. To learn the target function, the regression method trains with a set
of training data (x), in which the outcome or response (y) is known, and attempts to minimize
the error between the outcome the model calculated and the actual outcome. The relationship
between weather (x) and outage duration (y) could be linear or polynomial, thus I tested each
of these hypothesis spaces.
I then compared simple regression techniques against support vector regression to compare
their efficiency at solving for the target function. Linear regression techniques assume a linear
relationship, and then attempt to minimize the error between the guessed and actual outcomes
though gradient-based or other exact optimization methods. Whereas in linear regression the
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error is calculated for every data point, support vector regression methods use a margin to
either side of the guessed target function to determine whether a data point contributes
towards a “cost function,” (Figure 14). Over time, the cost is minimized, as well as the width
of the margin. Support vector regression also differs from other regression techniques in that
they learn from and assign a weight to the ith training example, penalizing the algorithm
(through a penalty parameter, C) for those points which lay outside the margin, rather than
learning some fixed set of parameters corresponding to the features of the inputs.

Figure 13: Examples of linear regression (left), and support vector regression techniques (right). In the
case of linear regression, every blue data point is used to calculate the error incurred by the guessed
target function in green. For support vector regression, only data points that lie outside the margin (ε)
are used in a cost function [270].

In this is study, I also test the efficacy of various kernels. Kernels transform the data into a
higher dimensional feature space to make separation by the margin possible. Linear,
polynomial, and Radial-Basis-Function kernels are used to transform the data into linear,
polynomial, and variable dimensions.

4.4.2 Data Sources
I sourced weather data from Hatfield Marine Science Center in Newport, Oregon [115].
Using three features, I related the major causes of transmission infrastructure damage (wind,
downed trees, flooding, and slope instability) to daily average wind speed (mph), maximum
gust speed (mph), and cumulative rainfall (in). Source data was measured every 5 minutes, but
for the purpose of this study, this data was averaged over a 24-hour period. Figure 14 shows
this feature data and the dependence between the three variables.
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Figure 14: Gust wind speed, average wind speed, and rainfall, in three perspectives. Color references depth, with
darker purple closest to the front of the plot, and lighter purple closer to the back of the plot.

I sourced outage data from the Bonneville Power Administration [116], with outage
duration measured in hours. I then filtered the outage data to only include transmission line
outages that affect local transmission infrastructure in Lincoln County, Oregon. Therefore,
only outages between Wendson, Toledo, and Albany were considered. This transmission
section is shown in Figure 15. This filtering of data resulted in a total of 86 outage examples.
Outages ranged from momentary (which resulted in a 0:00 hr:min count) to sustained outages
of over 250 hours.

4.5 Experiments
To find an accurate predictive model, several regression methods were compared. These
models included regression with a linear model and polynomial model with degrees of 2, 3,
and 4, as well as a support vector regression technique in which linear, polynomial (degree of
2), and RBF kernels were used. All models were used from Python's Scikit-Learn package
[117]. Data was split into 90% training data, and 10% testing data throughout all methods,
which is a standard ratio used in machine learning applications.
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Figure 15: Transmission system section used in this study (BPA, 2016).

4.5.1 Linear Regression
The linear regression model produced with the Scikit-learn Linear_model module had a
mean squared error of 3038.5, and a variance score of -901.16. The coefficients for this linear
model were [-5.74211874, 3.96718265, -25.4516585]. Figure 16 shows the linear model
predictions in blue, while the actual outage data is shown in red.

Figure 16: Linear Regression model with linear fit in blue, with actual data in red.
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4.5.2 Polynomial Regression
After depicting a linear regression with a degree of 1, further polynomials were depicted,
with degrees of 2, 3, and 4. Each model was determined with Scikit-Learn’s Linear Regression
and Ridge Regression modules. These modules are depicted in Figure 17.

Figure 17: Polynomial regression, with varying degrees.
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The mean squared errors of each degree polynomial model and the respective standard
deviation was calculated using cross-validation calculations in Scikit-Learn's cros_val module.
These values are summarized in Table 11 and Table 12.
Table 11: Mean Squared Error (hrs) comparison between polynomial models of varying degrees in the
applied Linear Regression Technique.
Linear

Degree = 2

Degree = 3

Degree = 4

3.91E+03

3.89E+03

4.59E+03

8.95E+03

3.66E+03

7.14E+03

1.28E+04

3.27E+03

3.89E+03

4.58E+03

4.92E+03

6.11E+03

Table 12: Standard deviation (hrs) comparison between polynomial models of varying degrees in the
applied Linear Regression technique.
Linear

Degree = 2

Degree = 3

Degree = 4

3.45E+03

2.93E+03

3.72E+03

1.32E+04

3.77E+03

3.86E+03

4.89E+03

5.54E+03

3.96E+03

1.17E+03

2.75E+03

3.17E+03

4.5.3 Support Vector Regression
After testing linear and polynomial regression techniques, I tested the performance of a
Support Vector Regression method. Three kernels were tested, including a linear, polynomial
(of degree 2), and a Radial-Basis-Function (RBF) kernel. For all kernels, the penalty
parameter C of the error term was set to 1.0E+03, while the kernel coefficient, γ, was set to
0.1 for polynomial and RBF. The comparison of these models is depicted in Figure 18.
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Figure 18: Comparison of linear, polynomial, and RBF kernels in Linear Regression

Mean squared error and explained variance values for these three techniques across each
features is summarized below in Table 13 and Table 14. Both calculations were performed via
SciKit-Learn's metric module.
Table 13: Mean Squared Error (hrs) comparison between different kernel methods for SVR
Linear Kernel

Polynomial Kernel

RBF Kernel

3468.6

3858.799

2713.043

3091.625

15000.17

936.5555

3157.746

3854.749

3232.379
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Table 14: Explained variance (hrs) comparison between different kernel methods for SVR.
Linear Kernel

Polynomial Kernel

RBF

0.018722

0.000967

0.130716

0.074963

-3.52251

0.676594

-0.03124

-0.00998

-0.02939

4.6 Conclusions
When comparing the models, the techniques, overall, did not create predictive models that
accurately predicted the duration of an outage based on the weather conditions. This accuracy,
however, cannot be attributed to the models alone. The amount and distribution of data is also
a factor to consider when evaluating regression model performance.
The dataset, which was gathered between January 1, 2011 and December 31, 2015, did not
have enough data points to properly train the predictive models. Further, there was a group of
data points that had outage duration of 0.00 hours (momentary outage), while sustained
outages that lasted for several days were sparse. The effect on model prediction is exemplified
in Figure 16, in which model prediction of outage duration given average wind speed and
maximum gust speed is influenced by momentary outages, despite a visible relationship
between wind speeds and outage duration. This effect can also be seen throughout the models;
although higher-order models were penalized by the machine learning algorithms for not
capturing momentary outages, values of error decreased slightly for those models which
captured the higher-order relationship between weather and outage duration. If there had been
adequate data for these sustained outage events, as well as more data overall, the models
would likely be more accurate.
Furthermore, the outage data that was used to train these models did not account for the
reason of the outage. In future work, more data will be collected, either by finding similar
weather data previous to 2011 that can compliment the data currently being used, or by
spatially extending the algorithm to collate weather and outage data from other coastal
communities. With more data, there will be a higher probability of having more sustained
outage events to better train the models. More data collection will also allow for filtering of
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outages to only include weather-induced events without rendering the models completely
inaccurate.
In future work, a refined prediction model will be used in conjunction with an optimization
technique to explore the feasibility of deployable marine renewable energy devices for
emergency-relief purposes. By optimizing the expected yearly losses from outages while
considering the expected cost of these deployable energy devices, the value of having an
emergency marine renewable energy generation plan can be assessed.
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Chapter 5: An Analytical Cost Model for Emergency Wave Energy
Generation
5.1 Abstract
Electrical power systems have traditionally been designed for reliability–to withstand
nominal operating conditions and foreseeable, more frequent, abnormal events. Low
probability, high risk events are often overlooked in design, resulting in a higher likelihood of
power outages due to these events. In coastal or island communities, the effects of electrical
vulnerability are magnified by increasing coastal populations, relative electrical isolation, lowlevels of local energy generation, aging electrical infrastructure, and climate change effects.
However, coastal communities have the unique opportunity to exploit a new energy source to
improve their resiliency to electrical outages: wave energy. This study provides an analytical
cost model for the cost of emergency wave energy generation using a present value metric. To
exemplify the use of this cost model, I present a case study quantifying the cost of emergency
wave energy use in Newport, Oregon for a two-week outage. I then compare this cost to value
of loss loads for Newport under a two-week outage (for direct comparison with emergency
wave energy costs) as well as an outage in the event a Cascadia Subduction Zone event
occurs. This information can enable coastal stakeholders to make informed decisions about
improving resiliency in coastal areas by providing a tool with which to gauge the economic
value of emergency wave energy generation.

5.2 Introduction
In the United States (U.S.), over half the population lives within 50 miles of a coast [118],
and 78% of energy usage occurs in these coastal areas [119]. Due to this correlation between
human populations and energy use, outages in coastal areas have relatively higher impacts
than less-populated areas. Further, coastal population centers also face specific lowprobability, high-risk hazards. These specific hazards include coastal flooding, tsunamis, and
hurricanes, and have impacts that are exacerbated by human action and environmental change
[120]–[122][123].
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In addition, these hazard-related outages are costly, especially in the U.S. where electrical
infrastructure is aged. Estimates of economic loss due to weather-related outages average
between $18 and $33 billion annually, and are higher during years of major storm events, such
as Hurricane Ike in 2008 ($40-75 billion) or Hurricane Sandy in 2012 ($27-52 billion) [124].
Increasing grid resiliency, or the ability of electrical assets and facilities to anticipate, resist,
absorb, respond to, and recover from low-probability, high-risk disturbances [125], can lead to
avoided costs and outage impacts in coastal communities.
Electrical infrastructure has conventionally been designed for reliability, or highprobability, low-risk events [126]. Consequently, designing for electrical resilience is a new
focus for researchers and industry. Thus far, efforts to improve electrical resilience include
prevention of damage, hastened recovery, and improvements in survivability (maintaining
functionality despite damage) [127].
In this study, I focus on the use of emergency generation sources to improve coastal
community resiliency. This form of electrical resilience could have high impact for coastal
communities that are relatively electrically isolated (low connectivity), or have few generation
sources, as is the case with many coastal U.S. cities. Figure 19 shows the location of energy
generation plants around the U.S., highlighting the majority of electricity generation, located
more than 50 miles from the coastline, or outside of coastal zones.
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Figure 19: Map of U.S. energy generation by type and scale [271].

Coastal communities have a particular opportunity to generate electricity using wave
energy, a renewable energy source that is approaching techno-economic feasibility. Most
available to population centers along coastlines, wave energy is plentiful; in the U.S., wave
energy has the capacity to provide a third of total annual U.S. energy consumption [128]. Due
to the novelty of the technology, the wave energy industry is not yet market-competitive.
However, following an emergency, wave energy technology could prove economically
advantageous compared to other emergency generation sources, or the economic loss of no
generation at all. The objective of this study is to develop an analytical cost model to
determine the cost of emergency wave energy generation. This analytical model will enable
researchers to determine whether emergency wave energy generation is economically feasible
when compared to the value of loss load following a sustained outage event.
In this chapter, I will first review literature regarding cost models for of wave energy
converters, emergency power generation, and power outages. Using conclusions drawn from
this literature review, I form an analytical cost model in the second section. I then apply this
cost model to a case study in Newport, Oregon, USA for a two-week sustained outage event in
the next section. The fourth section compares the results of the case study to those for
expected loss estimates and conventional emergency generation in both the storm and CSZ
event. Lastly, I describe the impact of those comparison results in the context of emergency
electricity generation and coastal community resilience.
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5.3 Literature Review
Wave energy technology is a new type of renewable energy generation, which uses
movement of ocean waves to produce electricity through a device, commonly called a wave
energy converter (WEC). Due to the relatively nascent stage of this industry, wave energy
requires substantial subsidies and support to advance technology from research and
development to commercialization [129]. While developers have invented devices to harness
wave energy, they are not yet efficient or cheap enough to be market-competitive. Further,
businesses and investors retain high investment risk premiums for this unproven technology.
Being able to accurately forecast the cost of commercial installations enables wave energy
stakeholders to make more informed decisions about financing wave energy development.
Regularly, because the power purchase price of electricity produced by commercial wave
energy arrays is unknown, the most sophisticated metric that can be used is the Levelized Cost
of Energy, or LCOE. Thus, most studies reviewed in this chapter are based on LCOE. The
LCOE takes into account the time value of money by dividing the present value of the total
lifetime costs over the energy produced over the development’s lifetime. It does not account
for the energy product’s market value [74].
The use phase of an emergency WEC device is fundamentally different from one used to
produce energy nominally, which consequently affects the costs included in the economic
analysis. For instance, commercial devices are built to withstand repetitive and extreme wave
loads over a 20-year life to produce as much energy as possible for profit. Emergency WECs
would be built for intermittent, sparse use, experiencing reduced loading. This would affect
both the design, build, and maintenance costs. Further, emergency devices would not incur
costs associated with long-term operations and maintenance, but rather scaled-down
installation and decommissioning costs. These emergency devices would be designed for easy
deployment, operation, and decommissioning, with all maintenance being completed onshore.
Extra costs would include storage costs for the device and other equipment.
Based on these variations in cost inclusions for the LCOE metric, literature reviewed here
will include those calculations that have relevance for small-scale deployments, not
accounting for any future reduced WEC costs through inclusion of aspects like learning rates,
large array economics, etc.
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Some of the first relevant cost models for WECs were created by EPRI, in effort to spur
development in the U.S. [98], [102], [130], [131]. In each economic analysis, EPRI calculated
LCOE for a particular region in each state (California, Oregon, Massachusetts, and Hawaii)
considering resource potential and state-based tax incentives. The analyses included the use of
the Ocean Power Delivery Pelamis WEC for a pilot plant of about 1000 MWh/year and a
commercial plant of 300,000 MWh/year for a utility and non-utility generator. EPRI
calculated LCOE by accounting for Capex, Opex, and decommissioning costs over annual
energy produced (AEP), assuming various profit structures for a hypothetical utility and nonutility generator. Although I consider these four analyses for their general methods, of
particular interest is EPRI’s estimation of the cost of the pilot plant, which is closer in scale
and purpose than the commercial scale to the proposed emergency WEC deployment.
The cost model for the pilot plant in Oregon included the capital costs to purchase the
WEC and necessary equipment, the construction costs to build the plant, and the grid
interconnection costs. It did not include detailed design, permitting, and construction
financing, yearly O&M costs, or testing and evaluation costs. Based on this model, a single
Pelamis WEC could be installed in Oregon for $4.7 million ($USD 2004), or $3.1 million
after tax credits while producing 1001 MWh/yr [102]. The project lifespan for this pilot plant
was a year. When performing the cost analysis, EPRI quantified cost uncertainty by a Monte
Carlo simulation resulting in -20% - +23% cost variation range.
EPRI added to these state-specific analyses by publishing two following papers that
estimated the feasibility of eight devices for a pilot project (1500 MWh/year) and a
commercial project (300,000 MWh/year) [103], [132]. The 1500 MWh/yr plan is equal to
about 500 kW, or the size needed for an emergency generation source. Performance was
compared for four different regions: Washington, Oregon, Maine, and Hawaii. Cost of the
plant was then estimated for each device considering site-specific conditions, with
consideration as to how that cost would change given performance variations (average annual
wave power density, estimated AEP, and capacity factor) in different states. Each device was
qualitatively described based on its design, survivability, manufacturability, licensing, grid
integration ability, tuneability, operations and maintenance, deployment and recovery, and
company viability. These same concepts are considered when forming this study’s cost model
for the emergency WEC.
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SI Ocean and Carbon Trust also created cost estimate methodologies, both based on
LCOE. SI Ocean calculated the cost of energy of early arrays, predicting how cost was likely
to decrease over time [94]. When calculating the LCOE of these arrays, they included capital
expenditures (!!"#$% ), annualized operational expenditures!(!!&! ), and specific levelized
decommissioning costs (!!"#$%%&''&$(&() ) to represent development costs.

!"#$ = !

!!"#$% + !!"#$%%&''&$(&() ! ∗ 1 + ! !
!!&!
∗
+!
87.6 ∗ !"#!!!"#$%&
1 + ! ! − 1 87.6 ∗ !"#$!!"#$%&

( 35 )

Here, ! represents the discount rate, and ! represents the lifetime of the development.
Annual energy production (AEP) is represented through a load factor:
!"#$!!"#$%& =

!"#
87.6 ∗ !

( 36 )

Figure 20: Early wave array cost breakdown [94].

The lifetime of the development is assumed to be 20 years, while the discount rate is set to
12%. Based on their cost model, base capital cost for a medium resource site was ~52c/kWh,
and for a high resource site was ~41c/kWh. Cost per cost category is shown in Figure 20. This
cost, however, varied significantly (as much as 30 c/kWh) based on uncertainties about
operating costs, standard insurance rates, foundation cost, resource information, and learning
rates. The model was especially sensitive to annual energy production and discount rate.
Discount rates used by developers when assessing project were sensitive to perceptions of
risk, and accounting for how that perception of risk would change over time through learning
rates was a major source of uncertainty in this method. These cost categories are referenced

64
for the building of the presented cost model, and although I do not quantify uncertainty or
sensitivity with cost categories, they will be important to keep in mind for future work in
validating the presented cost model.
As part of the Marine Energy Challenge, Carbon Trust then developed a cost estimation
methodology [133] that could be applied to all WEC technologies, so that a standard LCOE
approach could be used to compare devices. LCOE was calculated by the sum of the present
values of all capital, O&M, and decommissioning costs over the present value of energy
production. Although simplified, Carbon Trust described each main cost category within the
LCOE calculation, citing specific cost drivers for each category.
Carbon Trust followed with a report detailing future cost reduction pathways for the
offhsore renewable energy sector. Although future cost reduction does not apply to an
emergency WEC, capital and O&M cost breakdowns are described, summarized in Figure 21.
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Figure 21: Cost category breakdown for capital costs (left) and operational costs (right) [133].

Alternatively to Carbon Trust and SI Ocean, a number of economic analyses using LCOE
have been presented in published literature [134]–[141]. Ocean Energy Systems published
their LCOE methodology [142]:

!"#$% + !
!"#$ = !

!"#$!
!
!!! (1 + !)!

!"#!
!
!!! (1 + !)!

( 37 )
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In which AEP is calculated by:
!"# = !"#$%&'!!"#"!"#$ ∗ !" ∗ !" ∗ 8760

( 38 )

where !" is the capacity factor, and !" is the availability factor. Using this methodology,
they calculated the LCOE for three stages of project maturity (a first array or demonstration
project, a second array or larger demonstration project, and a first commercial plant) based on
industry survey responses. These results are the scale and maturity level an emergency WEC
array would need to be to power a coastal community’s critical services.
Regarding local factors related to cost of energy, Oregon Wave Energy Trust has
investigated wave energy generation costs in the specific region of the present case study [96].
While the scale of the development is larger than the emergency generation case, some cost
categories and assumptions made are relevant and can be used directly in the emergency WEC
cost model. Particularly, Oregon Wave Energy Trust provides a reliability metric for outages:
10 days of planned outage are scheduled, while a forced outage rate of 7% is assumed for
winter months. Further, all integration and transmission rates are based on Bonneville Power
Administration practices and rate schedules.
In 2009, Stallard et al. [135] used information from the EU FP7 Equimar project to
compare alternative approaches to evaluating the economic viability of a marine energy
development. They identified high-risk cost categories, and found that discount rates and
profiles are dependent on risk, which varies significantly by location, the type of technology
used, etc. Therefore, they suggest that discount rates be applied differently across varying
revenue streams. This has implications for this study, given that risk is very different for
emergency wave energy generation it would be for commercial purposes.
In 2010, Dalton et al. completed a feasibility study of the Pelamis WEC in Ireland,
Portugal, and the U.S using a novel, Excel-based, techno-economic model, NAVITAS [92].
The output of NAVITAS includes cost of energy, net present value, and investment return rate
based on a 20-year life, and all three are used to model the effects of a varying tariff rate.
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Table 15: Techno-Economic studies of Pelamis, from [92]. *Generic WECs, not Pelamis.
Study

Reference

Location

Year

Number of

COE

Pelamis

(€/kWh)

Subsidy

EPRI (Previsic)

[98]

California

2005

213

0.08

0.06

ESBI

[143]

Ireland

2005

209

0.105

-

St. Germain

[144]

Canada

2005

15

0.10-0.15

-

EPRI (Bedard)

[145]

California

2006

44

0.05-0.12

-

Carbon Trust*

[133]

UK

2006

13000

0.08-0.30

-

13

0.10

-

Allan et al.

[146]

Scotland

2008

4000

Dunnet & Wallace

[99]

Canada

2008

15-27

0.18-0.30

-

Ocean Power

[147]

UK

2008

1

0.08-0.16

-

Development

All costs used in NAVITAS were based on the study by Previsic et al. except cable cost,
which was sourced from the ESBI study. O&M costs were treated as capital costs, and were
found to be within 1-3% of the 40% total cost as reported by [98], [99], [144], [148]. Salvage
Value and Remaining Life for selling and recouping cost was expressed as:
!=

!" ∗ !"
!"

( 39 )

where !" is the replacement cost of a component, !" is the years remaining and !" is the
component’s lifetime. Any decommissioning costs were subtracted from the final salvage
value. An inflation rate of 5%, a borrowing rate of 10%, and a discount rate of 4.76%-12%
was assumed, and the electricity tariff was assessed at 0, 5, 10, 20, 30, and 40 ¢/kWh. Results
showed that previous studies underestimate cost of energy based on the tariff used.
In 2011, Allan et al. calculates LCOE of WECs as well as tidal energy devices, comparing
these costs to conventional energy generation [148]. They then conduct a sensitivity analysis,
finding that the LCOE of wave and tidal energy (£190 and £81/MWh, respectively) is most
sensitive to capital costs, fuel costs, and the discount rate used. They also bring attention to
those previous studies that use an annuitizing method, arguing that because annuity methods
convert costs to a constant flow over time and thus require constant output, the variability of
wave energy renders annuitizing methods irrelevant. Of interest to the proposed study of
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emergency wave energy generation are the component costs used for 1MW wave generation,
which are summarized in Table 16.
Table 16: Component costs in [148] for 1MW wave energy generation (in 2006£) and % total cost.
Onshore transmission and grid upgrade
Undersea cables
Spread mooring
Power conversion module
Concrete structures
Construction facilities
Installation
Construction management
Total

(000£)
36.22
181.12
362.24
1847.44
724.88
144.88
144.88
181.12
3622.44

%
1
5
11
51
20
4
4
5
100

Dalton et al. [149] assess the viability of Irish feed-in-tariffs and the impact of learning
curve, supply/demand curves, and future cost of cash on phased-project installations. Based on
a 500 MW Pelamis array in Ireland, they calculate net present value using NAVITAS,
assuming a borrowing interest rate of 7.5%. Inflation is factored out by discount rate
definition. Insurance and O&M rates vary between 3-5% of Capex. Other component costs
that are relevant to the proposed cost model are listed in Table 17 and Table 18.
Table 17: Component costs (majority taken from [150])[149].
WEC Parameter
Mooring
Cabling
Installation costs
Spare Parts
Sites and permits
GHG investigations
Management fees
Decommissioning fees
Grid connection

% of IC of WEC
10
10
33
2
2
0.05
10
10
5

Table 18: Discount rates (personal communication from Dr. Mark Mulcahy, Professor of Economics
(UCC) to Dalton)[149].
Farm Size
0-5 MW
6-10 MW
11-20 MW
21-50 MW
50 MW
> 50 MW

Discount Rate
14
12
10
8
6
6
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Each of these studies provides a piece of knowledge regarding construction of an LCOEbased cost model, whether it be a value used for inflation rate, the costs included in Opex, or
whether a discounting or annuitized method should be used. In the next section, I will apply
lessons from previous literature to emergency WEC analytical cost model development.

5.4 Methodology
The methodology proposed to calculate the cost of emergency wave energy generation is
based on the assumption that the emergency WEC is a deployable system. Due to this
assumption, the analytical cost model is based on a generic WEC structure breakdown (as
proposed by Hamedni et al. [151]), so that it can be adapted for any WEC type. Additionally,
the cost model is based on an abbreviated version of generic WEC project phases (as
described by Pecher and Kofoed [74]), which include pre-installation, implementation,
operation, and decommission phase costs. The methodology uses a life cycle cost approach
and covers the full life cycle costs of an emergency deployable WEC system.
This model uses Net Present Value (NPV), measured in 2017 USD, to value the WEC
system, for two reasons. First, the cost of the emergency WEC is viewed as an investment by
local governments in electrical security. The need of these entities is to know the present total
cost of the investment, rather than a levelized cost or the future value of the investment.
Second, the total cost of the emergency WEC system will be compared with the value of lost
load (VOLL, or the estimated amount that customers are willing to pay to avoid electricity
outages) reported by Burright et al. [152], which is measured in NPV, 2017 USD.
The NPV metric is equal to the sum of the cash inflows and outflows (!! ), discounted to
their present value:
!

!"# !, ! =
!!!

!!
(1 + !)!

( 40 )

where (!) is the time of the cash flow, (!) is the design life of the emergency WEC, and (!) is
the discount rate. The discount rate converts one-time costs to annual costs, and factors out
inflation rate (meaning all costs are constant USD) [92]:
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!!"#$%&'( = !

!!"##"$%&' + !!"#$%&!'"
1 − ! !!"#$%&!'"

( 41 )

Here, !!"##"$%&' is the borrowing rate for a loan and !!"#$%&!'" is the inflation rate. In
previous literature, a 12% discount rate was used [94], while others calculated discount rate
given a 10% borrowing rate [89], [92], 5% [92], or 2.5% [89] inflation rate, but many of these
studies are based on inflation rates in Europe. The average inflation rate in the U.S. in the last
20 years has been just over 2% [153]. In this study, I will use a 10% borrowing rate and a 2%
inflation rate. I assume interest is compounded annually.
The costs incurred over the lifecycle of the co-located array include the cost of preinstallation (!!"#!!"#$%&&%$!'" ), implementation (!!"#$%"%&'(')*& ), Opex (!!"#$ ), and
decommissioning (!!"#$%%&''&$(&() ) phases of the project:
!! = !!"#!!"#$%&&%$!'" ! + ! !!"#$%"%&'(')*! + ! !!"#$ + ! !!"#$%%&''&$(&()

( 42 )

These cost categories will be further described in the following sections.

5.4.1 Pre-Installation
For a permanent WEC array installation designed for a given lifespan, pre-installation costs
include costs associated with feasibility studies; site selection, characterization, and
monitoring; permitting; stakeholder engagement efforts; and array design.
!!"#!!"#$%&&%$!'" = !!"#$%&%'%() + ! !!"#$ + ! !!"#$%& + ! !!"#$#%&%"' + ! !!"#$%&

( 43 )

In the case of emergency wave energy generation, however, the included cost components
change. Site selection, feasibility, and design cost components are assumed here to remain
relatively unchanged compared to a pilot-scale plant, but will be less than a commercial plant.
Permitting costs remain part of the pre-installation costs, but are reduced to be more
consistent with temporary permitting in emergency scenarios. This use case is premeditated,
but not planned; while the WEC system is bought in advance, and therefore is planned to be
used at sometime, the moment it is deployed and the length of time for which it is deployed is
uncertain. The WEC system could be used many times, or not at all in its lifespan. Therefore,
the permitting is more akin to an emergency ocean permit, rather than a permanent WEC
installation. In the case of emergency ocean permits in the oil and gas industry, permits and
environmental impact assessments are customarily paid for post-event. In the case of
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emergency ocean dumping permits, no permit must be obtained if the dumping is done to
avoid death at sea [154]. Currently, there is no permitting scheme for emergency WEC
systems.
The cost of engagement is another cost component that I will alter for the emergency WEC
system use case. Engagement costs are context-specific, but should be included given their
potential economic impacts. For instance, in the case of a community that has already engaged
with wave energy developers, the engagement costs may be low. However, a community with
little exposure to wave energy might not support an emergency WEC system. Another factor
that will significantly change the cost of engagement will be the culture of the electric utility.
For a publicly owned utility that requires a vote of a member board to make a purchase such
as an emergency WEC system, engagement costs may be substantial. However, if the utility
makes investment decisions based on the decision of a board of investors, the engagement
costs might change.
Most economic analyses either do not include pre-installation costs [96]–[99], [155],
include a conservative estimate for these costs in capital expenditure (Capex), or include these
costs but do not fully describe how they are calculated. Pre-installation costs from previous
literature for WEC and other offshore renewable energy systems are listed in Table 19.
Table 19: Pre-installation Costs
Reference
[102]
[141]
[92]
[148]
[156]
[101]
[90]
[89]
[56]
[87]

Description
Siting and Permits
Greenhouse gas Investigation (wave array)
Permitting and Environmental Studies (5 MW of wave array)
Pre-operating costs (wave array)
Design, siting, and permitting (106.5 MW wave array)
Pre-development costs: site selection, EIA, public enquiry of an
offshore wind and wave array (100 MW)
Permitting, licensing, certification, and siting for tidal array
Viewshed costs of offshore wind array
Feasibility study, legislative factors, and farm design for a floating
wind turbine
Environmental, met station, and sea bed surveys, front-end
engineering and design, project management and development
services of 500MW floating wind turbine
“Engineering tasks and licenses” in a co-located wind-wave array
Feasibility study
Legislative factors
Farm Design for a hybrid wind-wave platform

Cost
2% of IC
0.5% of IC
14% Capex
10% Capex
2% WEC cost
1.9 mil pounds
0.037 per W
installed power
3%
6.79M €
€104,106k
570,000 €
100,000 €
474,951 €
5,141,382 €
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Few researchers scale their pre-installation costs based on the size of the array (in W), and
others differentiate between pilot and commercial scale arrays. To add to understanding of
pilot-scale array costs, a current construction project, Pacific Marine Energy Center’s South
Energy Test Site (PMEC SETS) is investing $5 million in design and permitting in the second
phase of the project. This does not include money spent on pre-installation costs during the
first phase of the project [100]. This cost is inflated due to the uncertainty of the type or
number of devices varying over the lifespan of the facility, but the project is also smaller than
most proposed commercial installations. During early phases of development in the US, these
pre-installation costs are significant to total project cost, but will most likely be highly
influenced by learning rates and public perception.
In this study, we base pre-installation costs on a 5 MW WEC pilot array [92], [141], which
is similar to the same rated capacity of the proposed emergency wave energy array. This
number is based on permitting and environmental studies. This number is considered to
account for !!"#$%&%'%() , !!"#$ , and !!"#$%& . !!"#$#%&%"' is considered highly context-specific,
and negligible relative to all other site costs, especially since most U.S. utilities are investorowned. Finally, because the value being used is based on a study that bundles design costs into
development costs, !!"#$%& is not addressed in the value we are using from [141]. Therefore, I
calculate design costs to be equal to the salary of two, full-time engineers over a two-year
period to be sufficient. This assumes design work includes the electrical design of the onshore
powerhouse, the mooring and anchoring, and the connector design between the WEC, cabling,
and powerhouse. This cost also includes the act of contracting individuals to complete the
installation work, should the emergency wave energy system need to be deployed.

5.4.2 Implementation
Implementation costs are more studied than pre-installation costs, and are included in all
economic analyses. Cost categories used varies, and are detailed in
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Table 20.

Table 20: Capital Costs
Reference
[98]
(USD 2004)

[102]
(USD 2004)

[155]
(2006 £)
[92], [157]
(% of initial
costs of WEC)

[99]
(2006 CDN)

[148]
(2006 £)

Description
Onshore Transmission and Grid Interconnection
Subsea Cables
Pelamis Power Conversion Modules
Pelamis Manufactured Steel Sections
Pelamis Mooring
Installation
Construction Mgmt and Commissioning (10% cost)
Onshore Transmission and Grid Interconnection
Subsea Cables (14km)
Pelamis Power Conversion Modules
Pelamis Manufactured Steel Sections
Pelamis Mooring
Installation
Construction management and Commissioning (10% cost)
Materials, components and labor in manufacturing and
fabrication; deployment; foundations and moorings; electrical
cables and switchgear
Mooring
Cabling
Replacement costs (full replacement of WECs after 10 years)
Spare parts
Management fees
Grid connections
AquaBuOY Capital Cost
Underwater cable
Overland transmission[158]
Mooring
Onshore transmission and upgrade, undersea cables, spread
mooring, power conversion system; concrete structures;
construction facilities, installation, and construction
management of a 100-MW wave array

Cost
$162,000
$1,438,000
$1,565,000
$850,000
$243,000
$841,000
$509,000
$580,000
$300,000
$1,535,000
$850,000
$243,000
$699,000
$420,000
£1700-4300 /kW
10% IC
50%
90%
2%
10%
5% of AEP
$935/kW
$130,000/km
$9.125 million / km
(1999 USD)
$20/m
£362.2 million /kW

The cost categories being considered in this study include the costs of building,
transporting, storing, installing, and commissioning all subsystems of the array. The
subsystems include the WECs, mooring, and anchors, and an electrical system.
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!!"#$%"%&'(')*& = !!"#$% + !!"#$%&'"(! + ! !!"#$%&! + !!"#$%&& + !!"##$%%$"&$&'

( 44 )

Due to the context-specific detailing and the prevalent use of the methods in [98], [102] in
other literature, !!"#$%&'"(! , !!"#$%&' , !!"#$%&& , and !!"##$%%$"!"!# are based on [102]. The
cost of !!"#$% is based on costs reported for a point absorber in [103]. To note, [102] costs are
based on a single WEC system. To supplement this information, [98] scales the
implementation costs of a single WEC to two-, four-, and eight-WEC system. The scaling
approach used in that study will be applied to that of the proposed emergency WEC array. For
cabling and electrical costs, those in [102] are supplemented and validated by information
provided in [92], [159].
The method for calculating each cost components is described. !!"#$% is calculated by

!!"#$% = (!!"# ∗ !!"# ) + !!!""#$%& ∗ ! !!!""#$%& + !!!"#$% !"#$%!!""!# ∗ ! !!!"#$%!!""!#

( 45 )

+ ! (!!"#$% !"#$%& ∗ !!!"#$%& ) + !!"#$%!!"#$

Where !!"# represents the cost per WEC, and !!"# represents the number of WECs. !!""#$%& ,
!!"#$% !"#$%!!""!# , and !!"#$% !"#$%& are the per-length cost of the mooring and cabling, and !!!""#$%& ,
!!!"#$%!!""!# , and !!!"#$%& represent the length of the mooring and cabling. !!"#$%&%'() represents the
cost of building the onshore powerhouse. Even though the WEC will not see the wave loading a
permanent WEC experiences over its lifetime, I assume the structure of the WEC will remain
unchanged for lower reliability standards, and therefore that the cost will not reflect decreased
reliability standards. However, if WEC developers were to design specifically for this special use case,
the cost of the WEC could be decreased. Installation costs are represented via the equation:
!!"#$%&& = !!"#$%&'"() ∗ (!!"#$%&&%$'("_!"#$% + ! (!!"#$%&&%$'("_!"# ∗ ! !!"# ))

( 46 )

Where !!"#$%&&%$'("_!"#$% and !!"#$%&&%$'("_!"# represent the cost of the cable installation and the
incremental cost of installing each WEC, respectively. Transportation costs are comprised of the time it
takes to transport the WECs (!!"#$%&'"( ), as well as the cost rate of the vessel used to transport the
WECs (!!"#$%&'"! ) and the number of times the WECs are deployed (!!"#$%&'"() ).
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!!"#$%&'"(! = ! !!"#$%&'"( ∗ !!"#$%&'"! ∗ ! !!"#$%&'"()

( 47 )

The cost of storing the emergency WEC system depends on the specific project. The WEC can
be stored at a local or nearby port, in which case the cost of storage (!!"#$%&' ) would be equal
to the rental rate (!!"#$%& ) over the entire lifespan of the system (!).
!!"#$%&' = ! !!"#$%& + !!

( 48 )

If the municipality has resources for land purchasing, the utility can purchase property or use
available, already-owned property. The cost of owned land would be equal to the cost of the
land and any affiliated property taxes.

5.4.3 Operation
Operational costs include O&M, but also insurance costs, and costs associated with ongoing
business, administration, and legal services and resources.
!!"#$%&'() = !!&! + !"!"#$%&"'( + !"!"#$%$&'()'$*%

( 49 )

Administrative and insurance costs are calculated by multiplying the sum of yearly
administration, business, and legal fees (!!"#$%$&'()'$*% )!and insurance rates (!!"#$%&"'( ) by
the lifespan (t) of the co-located array. In the specific use case of an emergency wave energy
system, these costs are expected to be minor compared to the other costs of the system, and are
estimated through comparisons of pilot or demonstration plant rates. Rates used in previous
literature are highlighted in Table 21.
Table 21: Insurance Rates
Reference
[56]
[87]
[90]
[89]
[102]

Description
Carbon Trust
Carbon Trust/EWEA
IWEA
EPRI
EPRI OR (about $4296000, and is for mature offshore tech)

Cost
2%
13-14% Opex
15000 €/MW
37 €/MWh
2% Total O&M Cost

The cost of O&M, while usually a significant portion of WEC system costs, is a minor cost
in this emergency WEC system. The WEC system components will be stored onshore during
most of their lifetime, and thus will experience less wear and corrosion, and can be inspected
periodically with little cost. When the WEC system is deployed, it is expected to be deployed
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only for a short period, so offshore O&M will not be necessary. Instead, when the WEC
system is retrieved after an outage, it can be inspected and serviced onshore. Therefore, the
maintenance of the WEC system is more similar to onshore electrical and structural equipment
located in coastal environments or a pilot WEC system, rather than a commercial WEC
system. When looking to previous literature for O&M cost estimates, O&M was often not
included for pilot projects [98], [102]. However, for commercial projects, operations (which
included O&M, insurance, and spare parts) accounted for ~4% of total project costs. Based on
this estimate, it is assumed that O&M costs are negligible.
Although insurance, administration, and O&M rates vary by phase of the project, I have
applied a single operations cost rate (2% of capital costs) over the lifetime of the device.

5.4.4 Decommission
After the emergency wave energy system reaches the end of its useful life, the WEC
system can be decommissioned. Decommissioning costs include the cost of removal or
replacement of the electrical system after the project lifespan. Then, each subsystem (the
WECs, mooring, cabling, and onshore electrical components) will need to be dismantled,
transported, and processed. After processing, the materials must be disposed of or sold as
scrap.
!!"#$%%&''&$(&() = !!"#$%&'("&) ! + ! !!"#$%#&'

( 50 )

Decommissioning costs in existing literature are included in Table 22. There is currently
no literature which describes the cost of dissembling the demonstration WEC systems,
however, there is literature which chronicles the cost of decommissioning for a commercial
WEC system. These costs for commercial sites are inflated compared to the proposed
emergency WEC use case, as the commercial case includes removal of embedded equipment
from and cleaning of the site. These costs are also the most expensive portion of the
decommissioning phase (see Table 22).
Table 22: Decommissioning Costs
Reference
[56]
[87]

Category
0.75% IC
Device
Platform
Mooring, Anchors
Electrical System

Cost
4,080,690 €
255,000 €
59,092,054 €
496,096 €
2,747,353 €
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Cleaning
Processing (dump/scrap)
Dismantling and eliminating of material, cleaning of site
Removal, transport, and recycle

[90]
[89]

1,730,914 €
-424,26,738 €
5900 €/MW
160% of IC

For this study, decommissioning costs are based on dismantling, transportation, and
processing costs. Dismantling costs are based on the cost rate of labor for dismantling and the
time it takes to dismantle the equipment. Disposal costs are context dependent; either a cost is
incurred for vehicle rental and disposal, or the disposal company bands both fees together.

5.5 Results
The analytical cost model described previously calculates the cost of a small emergency wave
energy array off the coast of Newport, Oregon.

5.5.1 Study Area
The selected case study area is about 3 geographic miles off the coast of Nye Beach in
Newport, Oregon (Figure 22) just past Oregon’s territorial sea. Depths here range from 45 to
55 meters (Appendix C). To give a sense of the wave climate, a nearby study site has
significant wave heights of 1-2.5 meters during the summer months at 6-9 second energy
periods, and 2-5 meters during the winter months at 8-12 second energy periods, with
maximum wave heights of 7-14 meters [160].

Figure 22: Proposed emergency WEC array site. The offshore cable is
highlighted in yellow, the onshore cable is highlighted in white, and the
location of the proposed powerhouse and current Nye Beach Substation are
pinned.
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This specific area was chosen as the case study for a variety of technical and non-technical
reasons. First, data and other necessary information were made available for use through
collaboration with Central Lincoln Public Utility District (CLPUD), who services the area.
Second, through engagement between Oregon State University, Oregon Sea Grant, the
Northwest National Marine Renewable Energy Center, state and federal agencies located in
Newport, and the Newport community, Newport has a populace who has been exposed to
wave energy technology and is generally in support of limited, responsible wave energy
development. Lastly, Newport is one of the largest towns on the Oregon Coast, and is an
economic hub for the central Oregon coast. While southern coastal cities are larger (such as
Coos Bay-North Bend or Brookings-Harbor), these southern coastal towns experience fewer
low-probability, high-risk storm events and will experience a lessened impact from a Cascadia
Subduction Zone earthquake and resulting tsunami as compared to Newport. Newport has the
highest population and resources of the central coast, while also being vulnerable to large
outages caused by storms and natural disasters.

5.5.2 Electricity Load
The design of the emergency WEC array is based on the requirements of providing
electricity to power critical infrastructure services in Newport, Oregon. Therefore, the total
load of the area of interest, and the total load of critical infrastructures within that area, are
required. Newport, has a total peak electricity load of 1350 MWh over a two-week period
based on averaging daily peak loads from June 2012 to June 2017 [152]. Using data from
CLPUD, Department of Energy’s Reference Building project, and wastewater energy
consumption data [161]–[164], the critical infrastructure peak load over a two-week period
was 1223 MWh (Table 23). Critical infrastructure categories are based on Homeland Security
definitions, however, Newport does not contain any critical infrastructure pertaining to the
Chemical, Commercial Facilities, Critical Manufacturing, Hydropower, Defense Base,
Information Technology, or Nuclear sectors, so these sectors were not included.
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Table 23: Critical infrastructure loads
Critical Service Sector
Communications
Emergency Services

Emergency Services –
Shelter Locations**

Energy
Financial Services
Food and Agriculture
Government Facilities
Healthcare
Transportation

Associated Newport
Infrastructure
KPPT Radio Broadcaster
KYTE 102.7 Radio Broadcaster
Lincoln County Sheriff
Communications Facility and
Offices
Lincoln County Jail
Newport Fire Station
Oregon National Guard Armory
Newport Recreation Center
Newport High School – East &
West
Sam Case Early Childhood Center
Newport Intermediate School/Isaac
Newton Magnet School
Yaquina View Elementary School
Lincoln Co PUD Main Office
One bank of the community’s
choosing
JC Market Thriftway
Newport City Hall & Police Station
Newport Hospital
Lincoln Co Fleet Services
Private fuel pumps/supplies (8)
Newport Water Treatment Plant

Electricity Demand (Average
monthly peak, kW)
5.9a
18.0a
124.3a
208.5a
34.7a
16.7a
14.1b
819.4b
237.4b
237.4b
237.4b
253.4b
253.4b
305.1b
100.3a
1367.3b
5c
40c
233d
4.51 MW
or 1515.8 MWh over 2 weeks

Water and Wastewater
TOTAL POWER
DEMAND
a
Based CLPUD load data
b
Based on DOE reference building data
c
Based on Narayan et al. [165]
d
Based on data from The Energy Center of Wisconsin [164], and the City of Newport [161]

5.5.3 Array Design
The proposed emergency WEC array was designed to meet the need of the calculated load
of critical infrastructures in Newport. The array is comprised of point absorber WECs, based
on the Wave Swing (Figure 23).
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This device was chosen based on its rated power production characteristics meeting the
demand for the load of critical services in Newport, Oregon, as well as the device maturity (it
was deployed and grid-connected in Portugal in 2004). There is also power production and
cost data for this device available through EPRI. The proposed point absorber has a rated
power production of 4 MW, depending on the wave climate, and was tested in Reedsport,
Oregon for power production given the local wave climate (based on Coquille River
Reference Station wave data) [103]. Given this wave climate, one WEC was able to produce
3078 MWh annually, or 109.9 MWh over a two-week period. To power critical infrastructure
services in Newport, 14 WECs would be required. The scale of the Wave Swing when it was
tested was 9.5 m in diameter, and performs optimally in ~45 m water depths.

Figure 23: Schematic of the WaveSwing [272] (left) and an artist’s rendition of an array [273] (right).

5.5.4 System Design
The WEC system is connected to the Nye Beach substation via 3 geographical miles of
subsea cable to an electrical junction. The onshore transmission system then follows roads to
the power station along a 0.25-mile path, and subsequently to the newly converted digital Nye
Beach substation. Most substations in the U.S. have not been converted, which should be
considered when estimating costs for onshore transmission systems in other areas.
Interarray cabling consists of a riser cable connecting each of the 14 WECs to a bottommounted junction box. The junction box then connects to the subsea transmission cable, which
transmits the electricity to the onshore electrical junction. The interarray cabling cost is
dependent on the length of the cable. This length is determined by the length of cable required
to span the distance between the WEC connection and the sea floor, and the distance from the
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WEC foundation to the subsea junction box. The device is bottom-mounted, thus the length
from the WEC connection to the sea floor is assumed negligible. In this study, I assume 150 m
minimum spacing between each WEC [103], and consider them to be in a single line, parallel
to the shoreline and incoming wave direction. This amounts to 1.8 km of interarray cabling.
The cost of interarray cabling comes from a study by Myhr et al. [89], in which interarray
cabling costs were determined for a 5 MW floating offshore wind array.
The WEC is bottom mounted and has a gravity foundation. The cabling, which is a 10kV
cable and 7-10 cm in diameter, is moored and anchored through a system similar to that used
with the Ocean Observing Initiative (OOI) at University of Washington [166], [167] every
0.25-mile from the WEC, with the last 0.25-mile floated by buoys. Instead of a mid-water
column, floating platform of sensing equipment attached to this mooring and anchoring
system like with OOI, the line extends to the surface, where a buoy is attached for easy
retrieval.

5.5.5 Cost of System
The basis for cost calculations are listed in the Methodology section of this report, and
further detailed in Table 24. Costs are adjusted to 2017 USD.
Table 24: Costs for an emergency WEC system in Newport, Oregon
Basis
[87]
[168]

Project Phase
Pre-installation

[141]
[103]

Implementation

Cost Category
Feasibility Study
Design
Permitting
Installation
Build

[102]
[89]
[92]
[102]
[169]
[169]

Storage
Transport

[102]
[102]
[56]

Commissioning
Operations
Decommissioning

*Capital costs include installation, build, and commissioning costs.

Cost Sub-Category
$118,000
$66,500/person/year
14% capital cost*
$639/kW
CWEC
$5.2-7.8 mil/WEC
nWEC
14
CMooring
$243,000/WEC
CCable_Interarray $307,000/km
lCable_Interarray
1.8 km
CCable_Export
$432,200/mile
lCable_Export
3 miles
CPowerhouse
$750,000
$32,706/year
Work Barge
$17,664-26,496/
Hoist crane
deployment
Hoist dock
$2280/deployment
$1080/deployment
$543,675
2% capital cost*
0.75% capital costs*

81
Pre-installation costs for the emergency wave energy generation include feasibility study
costs, as well as the cost of personnel who would be compensated over the course of designing
the emergency WEC system. While feasibility study costs are based on work by Castro-Santos
et al. [87], design costs are based on the national median for annual engineering salaries
(considering civil, electrical, environmental, and mechanical disciplines, which could all be
involved in a project such as this) [168]. Based on the maximum national median among these
disciplines, I selected the highest salary for use. This study assumes two employees would
work full time on this design over 5 years, and assumes these employees would also oversee
construction to prepare the system.
Installation costs are based on work by Previsic et al. [141], which considers a 5 MW wave
energy development 5 km from shore. In this study, installation costs are on a per unit energy
basis, which I use to scale the installation costs to the required energy demand.
Build costs are based on WEC building costs from the WaveSwing developers, referenced
by Previsic et al. [103]. Cabling costs were based on values from Bedard et al. [102] and Myhr
et al. [89]. The length of the interarray cabling assumes that there is a cable separately
connecting each WEC to the junction box where the transmission cable begins. This interarray
cabling length can be reduced if adjacent WECs could share the same interarray cable.
Storage and transport costs are calculated under the assumption that the WEC would be
stored locally in the South Beach Marina (Figure 24), where there are port facilities to store,
load, and transport the WECs. Storage costs are based on the rental of 15,100 ft2 storage
space, and I assume that the WECs can be stored upright to that each device takes up a 10 m
by 10 m footprint, and that the marina permits the rental of that size of storage space. I also
assume the rent rate is not raised each year. Although the rent rate will change over time, it is
impossible to predict future rent rates set by the Port of Newport.
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Figure 24: Potential storage facility, highlighted in red.

Transport costs include the cost of the hoist crane and dock, as well as cost of a work barge
and crew for the length of 2-3 days, but do not include the cost of a licensed captain, which
will have to be accounted for and contracted prior to the investment in this system. I assume
the hoist crane and dock will be used for 12 hours over the course of the installation period,
and then again during retrieval (24 hours total). In reality, both storage and transport costs
could be reduced through contracting with the Marina for long-term storage reduced rental
rates.
Commissioning costs are based on work by Bedard et al. [102]. Due to the fact that
documentation of decommissioning costs are unavailable, and the cost of industrial recycling
and scrap is either not readily available from service providers, or it is market-dependent when
the material is sold, decommissioning costs were estimated from previous literature. Most
decommissioning costs summarized in Table 22 were estimated for site cleaning and embedded
equipment removal of commercial-scale sites. Therefore, the most reasonable estimate was
chosen for the given single-WEC site. For site-specific cost estimates, these decommissioning
costs can be estimated through a professional quote from contracted dump and recycling
services.
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5.6 Discussion
Assuming 3 days for installation and retrieval, and a cost of $6.5 million/WEC, the cost is
calculated by the following equation, given the ability to vary the number of deployments and
the lifetime of the device.
!!"#$% = 116,383,096 + 32,706! + 29,856!!"#$%&'"()

( 51 )

Where ! is the lifespan of the device, and !!"#$%&'"() is the number of times the emergency
WEC system is deployed. The Net Present Value then becomes
!

!"# !, ! = !116,383,096 +
!!!

32,706
+
(1 + 0.015)!

!

!!!

29,856
(1 + 0.015)!

( 52 )

where t is the year of the system’s lifetime, and N is the full lifetime of the system in years, so
that the cost of the yearly rental is summed over the lifetime of the device in present value.
Deployment costs are summed over the number of deployments in a given lifetime in present
value. The total cost of the system is calculated for 20-, 30-, 40-, and 50-year lifespans, as well
as 1, 2, 3, 4, and 5 deployments, in Table 25. I assume deployments are evenly spaced within
the lifespan of the device (for example: one deployment occurs in year 10 of a 20-year
lifespan, or 3 deployments occur every ~6.7 years of a 20 year lifespan).
Table 25: Total system costs with varying deployment and lifespan values.
Number of Deployments

Lifespan (years)
20

30

40

50

1

116,970,339

117,192,438

117,383,691

117,548,373

2

116,992,507

117,211,539

117,400,149

117,562,554

3

117,021,934

117,235,552

117,423,104

117,584,474

4

117,044,101

117,260,224

117,444,976

117,604,736

5

117,069,913

117,283,657

117,504,586

117,625,430
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The total project costs are most dictated by capital costs, which make up ~85% of the total
cost. When comparing our estimates to Value of Loss Loads (VOLL, or the socioeconomic
value of electricity loss) estimated by Burright et al. [152] (Table 26), the cost of the
emergency WEC system is consistently more than the critical infrastructure VOLL of an
outage lasting two weeks. These VOLLs do not include valuations of premature deaths, nor do
they account for inflated valuing of critical infrastructure (for instance, a person may be
willing to sacrifice more energy at home than at the hospital, thereby attributing a greater
Willingness to Pay value to the hospital to maintain nominal electricity supply and a lesser
Willingness to Pay value to a residential home). If VOLLs reflected this additional value, and
the WEC were to be used more than once in its lifetime, the cost of the wave energy system
would become more comparable to the VOLL of critical infrastructure services over a 2-week
outage.
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Table 26: Value of Sustained Outage in Newport, Oregon [152].
Survey Type

Basis

VOLL metric ($/kWh not
served)

Macroeconomic
Analysis

Calculation based on Newport, Oregon GDP and
February 2017 power demand profile***
US GDP per capita per day
Application of LBNL ICE Calculator, using CLPUD
SAIDI/SAIFI 4-yr average for February as of 2016;
Newport median income
Range of estimated VoLL from 18 studies in 13
high-income countries (Cheng, Vankatesh 2014)
Sullivan et al (2015) (16-hour outage, direct cost,
based on meta-analysis of 34 studies)

Willingness to
Pay Survey

Sullivan et al (2015) (direct cost plus multiplier of
1.5-3x for indirect costs for 16-hour outage)
Choice Modeling
(Stated
Preference)
Value of
premature death
[170]

% Community
Income

VOLL of 2-week
outage Newport OR
CI load only
(1,597,407 kWh)
N/A

VOLL of CSZ worstcase scenario (6-mo.
outage)**

$9.56 (calculated)

VOLL of 2-week
outage (Feb 2017),
Newport OR
(3,704,400 kWh)
$18,341,278

$112.84/day
Residential (43%): $1.8
Small C&I (55%): $186.7
M/L C&I (55%): $40.4
$4-40/kWh

$15,980,852
Residential: $2.87M
Small C&I: $297M
M/L C&I: $64.3M
$7.7M – $76.7M

N/A
Residential: $1.23M
(*0.4) = $495K
(*2) = $2.47M

$208M
Res: $16.6M
S. C/I: $2.56B
M/L C/I: $554M
$100M-997M

Res(43%): $1.3
S C&I(55%): $258
M/Lg C&I(55%): $12.7
$63-126

Res: $ 2.70M
Sm C&I: $ 411M
M/Lg C&I: $ 20.2M
Res: 3.1-6.2M
Sm C&I: $616M-1.2B
M/Lg C&I: 30-60M
4,537 x $271= $1.2M*

Res: $ 892,950
(*0.4) = $1.34M
(*2) = $1.79M
Res: $1.3-2.7M
(*0.4) = $2-4M
(*2) = $4-8M
4,537 x $271= $1.2M*

Res: $13M
S. C/I: $3.5B
M/L C/I: $174M
Res: $19-39M
S. C/I: $5.3-10.6B
M/L C/I: $261-523M
N/A

$239M (based on Feb
demand)

Households WTP to have utilities function 1-5d
faster after a cyclone in Cairns (Dobes 2015)

$271/yr per household
(converted from AUD)

EPA, 1997

$4.8M/death
($7.3M in 2017 dollars)
$250,000 to $7M/death
$3.1M/death

Uncertain

Uncertain

Uncertain
Uncertain

Uncertain
Uncertain

$8.75 - $35

$16.8M-$67.1M

US DOJ
RAND (based on payouts to civilians following
9/11/2001 attacks)
Adapted from Narayan 2015 - 1-4% of annual
income as “social insurance”

$16.8M-$67.1M

$16.8M-$67.1M

* Estimate likely low due to differing assumed timeframes of reconnection under the Newport scenario; ** The CSZ estimate is based on an extension of the February 2016 power demand for Newport.
Actual demand varies seasonally and typically is approximately 10% lower in the summer months [97]; Highlight: CL PUD stats don’t differentiate small vs. med/lg commercial & industrial customers.
Both dollar amounts based on full 55% C&I proportion of CL PUD demand based on 2016 revenue.

86
Table 27: Cost per deployment.
Number of
Deployments

Lifespan (years)
20

30

40

50

1

116,970,339

117,192,438

117,383,691

117,548,373

2

58,496,253

58,605,770

58,700,075

58,781,277

3

39,007,311

39,078,517

39,141,035

39,194,825

4

29,261,025

29,315,061

29,361,244

29,401,184

5

23,413,983

23,456,731

23,500,917

23,525,086

An interesting case is also highlighted in Table 26, in which a 2-week outage is extended to
a 6-month outage caused by a Cascadia-Subduction Zone Event. Under these conditions, this
emergency WEC system could provide high value to Oregon’s central coast community by
acting as an area of increased resources. During such a CSZ aftermath, it has been proposed
that many fuel resources across the western part of Oregon will be lost or compromised. With
the condition of roadways and other infrastructure in potential impassibility, the limited fuel
that is available may not have a route by which to be transported to those who need it.

5.7 Conclusions
In this study, I developed an analytical cost model to estimate emergency wave energy
generation costs. Additionally, I demonstrated the use of this model by calculating the cost of
a single-WEC system off the coast of Newport, Oregon. The total cost of the system was
approximately $117 million, using net present value in 2017 USD. Capital costs comprised
~85% of total costs, and operational costs were minimal, given the sparse usage of the device
and ability to service the equipment onshore. Uncertain cost categories include pre-installation
and decommissioning costs, mostly due to lack of research into small-scale, temporary WEC
systems, as well as the dependence on context with these costs (permits required for this
system, for instance, will be differ between governments, locations, cultures, and more).
Further research into the costs associated with these cost categories would allow this cost
model to gain more accuracy.
Other uncertainties related to this model relate to the storage, transportation, installation,
and maintenance of the emergency WEC system. Although I state my assumptions for how
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the system is to be stored, transported, and installed, the marine industry infrastructure in
Newport, Oregon, as it currently exists, is not prepared to support this emergency WEC
system. A larger, potentially covered, local storage space would aid in storage of the devices.
However, this dedicated storage would also need to be located near or in port, marina, or
harbor facilities to enable the maintenance of the system, as well as the transportation and
installation of the system. Another potential solution is to, rather than build additional storage
and marine operations facilities, store and transport the emergency wave energy system from a
nearby port, so that the WECs could be towed into the emergency relief area. This tradeoff
between increasing transportation distances and increased marine operations infrastructure
must be decided on a context-specific basis.
Related to this issue of marine operations infrastructure, is the issue of installation. The
conventional way of laying cable requires specialized vessels and personnel, which often must
be ordered from ports located far away. This results in high costs and a high waiting time for
the boat to arrive. In this study, I proposed a different way to fix cables temporarily, although
this method needs to be tested to determine if it is effective. Alternatively, there are other
means of laying cable, such as cable-laying remote operating vehicles. This method of cable
laying needs to be further explored. Mooring and anchoring, likewise, must also be reviewed
from a logistics perspective. Through specialized design of the device and the anchoring and
mooring components, logistics can be simplified, to a point. Expertise from marine operations
professionals must be solicited to better plan these logistic components.
Future work could also include integrating the machine learning framework addressed in
Chapter 4 with this work, to compare predicted numbers of sustained outages over a 20-, 30-,
40-, and 50-year period to the value of the emergency WEC system. With access to more data,
the machine learning methods proposed could be fully trained and refined to predict an outage
duration given forecasted wind and rain data. This framework could also be expanded to
calculate the probability of sustained outages, which would aid in determining the probability
of emergency WEC use. Rather than fixing the time and number of durations for cost
estimates, a Monte Carlo simulation could be used to simulate how many outages would occur
in a given lifespan for the emergency WEC system, and the probable length of the outages.
To further contextualize the value of an emergency WEC system, an independent study to
estimate VOLL in Newport, Oregon to verify methods used in previous literature should be
completed. Moreover, there is a marked gap in research concerning the quantification of
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VOLL of critical infrastructure services. While VOLLs reported by [152] show the value of an
outage, they may be an underestimate since they do not focus on critical infrastructure
services, which may be more highly valued by the general populace.
Additionally, the value of this system is highly dependent on the context of where it is
being used. An island community that is electrically isolated but has a small electricity load to
provide may also not have the port resources or ability to deploy and retrieve such a system.
Similarly, a large coastal city like Miami, Florida may not have the wave resource to make
this solution viable. A question to consider in future analyses might include how the economic
feasibility of this system changes with varying loads of electricity. Since electricity loads often
correspond to seasonal climate variations, a single-WEC deployment may be sufficient for the
summer in winter-peaking areas (like coastal Oregon), but not summer-peaking areas (like
coastal southern California).
Another factor to consider is that while wave energy systems are traditionally designed to
survive wave loads associated with a 20-year lifespan, this emergency case may have different
engineering requirements. This change in use may prompt developers to consider alternate
device designs to reduce costs or better meet wave load specifications. There is a potential
market gap in which a business can provide emergency WEC systems when needed, rather
than each municipality taking full responsibility for design, build, implement, and
decommission of the system. A developer or company would need to consider WEC system
design and its associated costs under this specific business model.
Lastly, this use case of emergency wave energy conversion brings to question the
advantage a temporary wave energy system has when compared to a permanent wave energy
system. The largest obstacle to full-scale wave energy installation is the high cost associated
with such a system. By reframing the use case of a wave energy system to emergency relief,
this obstacle is, somewhat, overcome (the motivation is not profit driven, but instead
motivated by preserving life, property, and quality of life). If the value of wave energy is
higher from a emergency relief and coastal community resiliency perspective, why not have
the system permanently deployed? While it is reasonable to argue for the establishment of
“resiliency zones” along the Oregon coast, in which there is permanent wave energy
generation that can support communities through a sustained power outage, there are barriers
that might impede this argument, at least in Oregon. First, persuading communities to invest in
a permanent system to retain resilience during uncertain future events is no small task,
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especially when the system is expensive and includes a relatively unproven technology.
Second, there are other social, environmental and regulatory barriers that might impede a
permanent installment. A permanent installment, despite its benefit to a local community, still
has environmental implications that differ from a temporary installment. Likewise, the
regulation associated with that permanent installment varies significantly to one that is
associated with a temporary installment. Ultimately, the success of a resilience zone or
emergency wave energy deployment depends on the needs of the community and their
willingness to support it.
This cost model is offered as the first method to economically analyze this system, and is
motivated by the desire to help coastal communities increase resilience in regards to
accessibility to electricity. While such a solution may not be economically or technically
feasible in certain contexts, it has the potential to provide critical infrastructures with the
electricity required to reduce outage impacts, including preventing human loss of life and
injury, promoting economic stability, and reducing damages to property.
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Chapter 6: Reliability-Based Design Optimization in ORE Systems
6.1 Abstract
Offshore wind farm operations and maintenance (O&M) costs currently total 6m€/year, or
25-28% of total costs. For wave energy converters, this cost is projected to be twice that of
offshore wind. As the wave energy industry matures, decreasing O&M costs through
reliability-based design optimization (RBDO) is critical to increasing feasibility and
competitiveness with other energy technologies. In this chapter, I will synthesize existing
information on reliability-based design optimization in systems analogous to offshore
renewable energy systems. Reliability is a critical component that influences power
production and cost of ORE systems. From this review, I identified a research opportunity to
apply RBDO techniques in WEC and co-located wind-wave array layout designs, which I will
pursue in future research, leveraging the GA framework I described in Chapter 2.

6.2 Introduction
Offshore renewable energy (ORE) has the potential to be a significant source of future
global electricity production, reduce carbon emissions, decrease dependence on energy
importation, and stimulate economic growth in coastal and remote areas. Available offshore
wind, wave, and tidal energy on the US Pacific coast alone is estimated at 8750 million
megawatt-hours (MWh) per year, equal to 800 million US households [171]–[173]. This
energy availability, paired with growing population centers along coastlines [174] stage
offshore wind, wave, and tidal energy conversion technologies as viable means to providing
power to coastal areas. The key to making this technology feasible is providing electricity
through reliable technology, and at competitive prices.
Currently, offshore wind has reached commercial-scale installation in Europe, and the cost
of energy of these systems continues do decrease, but offshore wind is still not costcompetitive with other renewable energy technologies like solar photovoltaic. Tidal and wave
energy technologies are even less mature, with less than 1000 MW of installed tidal energy
capacity, and a few wave energy technologies approaching commercialization [175]. Both
tidal and wave energy are not yet market competitive, that is, their cost per unit electricity is
too high.
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One way to reduce cost of ORE technologies is through the increased reliability of ORE
systems [176]–[178]. Improving reliability of ORE technologies will enable devices to
produce electricity during energy-dense sea-states, and also lengthen operational life, decrease
costly operations and maintenance (O&M), and decrease financial risk premiums. Given that
the ORE industry is still in an early stage of development, there is an opportunity to use
reliability-based design optimization (RBDO) techniques to reach cost reductions and market
feasibility more quickly. Considering reliability, cost, and performance during subcomponent,
device, and system design stages will enable the exploration of optimal solutions, which is of
particular interest to the wave and tidal energy industry as they seek technology convergence.
In this chapter, I will describe the current state of the ORE industry, as well as research that
seeks to improve reliability of ORE systems, with particular emphasis on RBDO techniques.
Section 6.3 discusses fundamental concepts of offshore wind, wave, and tidal energy
technologies. Section 6.4 describes how reliability is used by the ORE industry in conjuncture
with the current state of these industries. A literature review cataloging the uses of RBDO in
ORE comprises Section 6.5.

6.3 What is Offshore Renewable Energy (ORE)?
For this report, ORE technology refers to the most mature technologies that have achieved,
or are closest to, commercial realization: offshore wind, wave, and tidal energy technologies.
Less mature technologies (ex: ocean thermal energy conversion) will not be included. The
most common device concepts of offshore wind, wave, and tidal energy are briefly explained
here, with graphics included in Appendix B.
The most mature technology in the ORE industry is offshore wind. Offshore wind turbines
are classified by their turbine orientation (horizontal or vertical axis) and their foundation
(fixed or floating). Just like their onshore counterparts, the blades rotate as they interact with
oncoming wind: the more consistent the airstream, the more consistent the power output of the
turbine. Wind is created by atmospheric pressure differences, which can make this resource
highly variable. Deploying offshore turbines takes advantage of long fetch lengths, resulting in
higher speed and more consistent winds compared to land-based sites.
Tidal energy technologies currently used in industry consist of barrages or turbines (see
Appendix A). Tidal barrages are akin to run of river dams, and use the potential energy
contained in the difference in hydraulic head between high and low tides to spin turbines in an
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impoundment. Tidal turbines use kinetic energy of water moving past an axial or cross-flow
turbine as the tide ebbs and flows, like a bi-directional wind turbine. Requiring large tidal
ranges and flow velocities, tidal energy technologies are often limited by site availability.
However, tidal cycles are more consistent than waves or wind, making tidal energy more
consistent and predictable than wind or wave energy.
The term wave energy converter (WEC) refers to a device that converts the motion of
ocean waves into electricity. WECs are commonly categorized by their location or mode of
operation. When based on location, WECs can be categorized as on-, near-, or off-shore.
Onshore devices are accessible and incur lower O&M costs, but have less available energy to
convert. Nearshore devices generally rest on the seafloor in water depths of 10-30 m, thus they
require little mooring, but are subject to large forces of breaking waves. Offshore devices are
in water depths greater than 30 m and are typically moored, floating structures. They incur
larger O&M costs, are not easily accessible, and are subject to larger wave forces than their
on- or near-shore counterparts. Being subjected to larger wave forces increases the available
energy for conversion and incurs greater damage (both over time due to consistently larger
forces, and during extreme events). A number of working principles are currently being tested
to harness wave energy, including oscillating water columns, overtopping devices, submerged
pressure differentials, floating structures, oscillating surge, bulge wave, vertical axis
pendulum, and others. Schematics of these modes of operation are shown in Appendix A to
show how each concept produces electricity.

6.4 Reliability in ORE
Reliable and efficient conversion technologies are the core of every functioning renewable
energy sector. ORE technology needs to deliver technologies that perform reliably and can
survive their harsh environment to be feasible and economically profitable. This section
describes how reliability currently shapes each industry. Due to differences in maturity,
offshore wind energy technology has been separated from wave and tidal energy technologies.

6.4.1 Offshore Wind Energy
Offshore wind energy technology has benefitted from the experience of the onshore wind
energy industry, and has reached widespread commercialization in Europe. Although the first
offshore wind site was installed in 1991 in Vindeby, only recently have markets emerged in
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the United States, East Asia, and India (just as the first European offshore wind turbines are
reaching the end of their expected lives). In 2016, offshore wind prices dropped significantly,
with the Dutch government approving a bid at 54.50 €/MWh, and the Danish government
approving a bid at 49.90 €/MWh [179]. By 2026, the Dutch government expects that its
offshore auctions will not require subsidies [180], and in the April 2017 German auction,
some tenders won at wholesale electricity price, meaning no subsidy is required [181], [182].
Europe provides considerable economic and regulatory support for offshore wind, and
currently owns 88% of global offshore wind developments [183]. As a result, Europe now has
a maturing supply chain, high level of expertise, and strong market competition. Growing
investor confidence, decreasing financing risk premiums, and technology improvements
further support industry growth. Technology advancements include larger, more reliable
turbines and expected life extension; turbine size has increased from 3-4 MW to 8-10, with
13-15 MW models likely to be available by 2024 [184], and expected life has increased from
15 years (in 1991) to 30 years [184], with possibilities of life extension (continued operation
of old equipment past its expected life) and repowering (replacing old equipment for newer
equipment with greater efficiency or nameplate capacity).
Despite these encouraging statistics that characterize the current state of the industry,
offshore wind performance and reliability need to improve to become cost competitive with
other renewable energy technologies. The levelized cost of energy (LCOE is a metric that
incorporates lifetime costs and expected production) for an offshore wind site in 2016 was
estimated at 120-130 €/MWh [184], which is 40% more than onshore wind in comparable
regions, 20% more than solar photovoltaics, and 100% more than that of conventional sources
such as coal and gas [185]. Further, the expected lifetimes of offshore wind turbines are
proving to be underestimates in some cases. A study looking at the performance of 30 offshore
wind turbines in Denmark reported an average load factor reduction of 25% with wind
condition normalization, meaning that the turbines produced ~38% less power than they were
designed for over the first 10 years of their life [186]. This data suggests offshore wind turbine
power production decreases at a rate that exceeds expected performance decreases.
While decreased performance over time is expected, offshore wind turbine failures are
especially costly. At Horns Rev 1 for instance, two turbines failed and will remain nonoperational for the last 10 years of the wind farm life due to the expense of replacement [187],
[188]. Short weather windows to make repairs, limited trained personnel and vessels, and
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profit loss from lack of production during downtime compound the cost of failure. Developing
offshore areas allows for exploitation of greater resource, but also presents challenges for
failure likelihood and accessibility. First, consistently stronger winds increase probability of
failure, as turbines are exposed to higher wind and wave loads, both in nominal and extreme
conditions. Secondly, accessing equipment that requires repair or maintenance is more
difficult by helicopter or boat, given that wind speed and wave height are strongly correlated.
Failure likelihood and accessibility directly impact availability, or the percentage of time in
which the farm is capable of producing electricity. Availability at offshore wind farms is
typically between 90-95% [109], [189], but is sensitive to the location of the farm (distance
from shore, depth of water, and metocean conditions at the site). Downtime in areas with
larger resource results in a higher loss of energy production, per unit time [190]. This has
ramifications for cost, since 25-30% of total project costs is spent on O&M [191]–[193]. This
impact is expected to be higher for floating turbines, in which platform motions may reduce
accessibility and increase failure rates [194].
Uncertainty is inherent in the ability of a system to function under specified operation, and
costly if not quantified and accounted for appropriately in design. In the case of Anholt Wind
Farm, the Danish Parliament required too short a preparation time, which resulted in only one
bidder (DONG Energy) who claimed the preparation time was too short to reduce design
uncertainties. DONG Energy added a significant mark-up to the best guess price, resulting in
Anholt being 32% more expensive than Horns Rev 3 (a wind farm tendered at the same time,
but with a longer preparation period). This markup cost rate payers about 2.2 billion DKK
over the life of the wind farm [193].

6.4.2 Wave and Tidal Energy
The first reliability study for WECs or tidal energy devices [195] was performed in 1970
and examined the performance of three floating and three bottom-mounted WECs. No service
data was available for reliability calculations, so failure rates were multiplied by a factor to
correct for environmental and operational uncertainty: a factor of 15 for bottom-mounted
WECs, and 30 for floating WECs.
A second study was completed ten years later [196], focusing on eight new WECs. Failure
rates were drawn from generic subsystems and components [197], and the study assumed
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installations capable of generating 2000-3000 MW (for contrast, the largest offshore wind
farm to date, the London Array, is 630 MW). Each array’s availability was estimated using a
Monte Carlo simulation, and ranged from 16.2-96.1%. Both studies used simple random
failure rate modeling, with no consideration of common failures modes or mechanisms, or
potential cascading failures.
Since these studies, reliability analysis and uncertainty quantification has progressed
considerably, but are still challenging to apply in practice. In the wave and tidal energy
industries, techno-economic analyses are used to evaluate device feasibility and attract
investments. Unlike the offshore wind energy industry, the wave and tidal energy industries
have little experience on which to base device design or industry standards, as both are in
demonstration project phases.
To further complicate device assessment, there is considerable diversity in both wave and
tidal energy technologies. Costly reliability analyses are unique to each device and
subcomponent, limiting the amount of testing that has been performed on devices. While the
offshore wind energy industry reached design convergence and optimized that design to meet
reliability standards that have been validated through commercial experience, the wave and
tidal energy industries currently must optimize each device concept for an untested reliability
standard. Lack of design consensus and standards increases the risk of not engaging
sufficiently with potential manufacturers and subcomponent suppliers to create and stimulate
supply chain formation [198]. Transitioning from custom-made to uniform, off-the-shelf
components will increase device and subcomponent consistency, decrease cost, and decrease
the variability of failures due to inconsistent manufacturing.
Subcomponent and device testing in wave tanks is critical to proving autonomous
operation of a single device and small arrays. This testing can begin certification processes in
wave and tidal energy, will provide reliability data to the industry, and will identify high-risk
components that can be considered during design phases to limit failure and downtime.
Many of the tidal and wave energy concepts also have yet to be tested in mild- or highresource sea states, or areas in which there are strong waves, winds, and tides, for long
periods. This testing will provide operations data, which is required to validate mechanical and
structural performance, enhance control and monitoring systems, and develop array tools.
Long-term demonstration of operability, reliability, and survivability of devices and pilot
arrays in energetic sea-states or tidal streams is critical to addressing industry need for
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reliability data and standards, as well as information and feedback on installation, operations,
and decommissioning costs and methodologies. Tidal and wave energy devices need to deliver
efficient operability and sufficient reliability to ensure the survivability of devices throughout
their twenty- year expected life. Initial design target availability levels are 75–85%, and
capacity factors of at least 25–30%, with expected improvements once initial targets have
been achieved [198].
Before this open-water testing, a site assessment must be completed to characterize the
temporal and spatial variation and uncertainty of the energy resource. This resource
characterization allows the prediction of device performance and reliability, as well as spatial
optimization of an array. For instance, with increasing wave heights and decreasing wave
periods, there is more wave energy available to convert, as well as higher structural loads
being experienced by the device, incurring higher costs in operations and maintenance.
Environmental conditions and location can be linked to cost in other ways; offshore
developments have access to higher and more consistent energy resource, but incur higher
mooring and anchoring costs. Environmental conditions and locations can also be linked to
cost through array layout effects. As devices interact with their environment, they change the
wave field, and affect the power development of subsequent arrays and the overall power
development of the site [40], [41], [139], [199], [200].
Researchers and developers have made efforts to overcome issues with reliability and
uncertainty quantification in wave and tidal energy systems. For critical components,
accelerated life testing [201]–[203] is appropriate if environmental and operating conditions
can be simulated accurately. A factor approach, or multiplying the base failure rate by a series
of independent factors that allow for changes from related standards [204], can also be used.
There have also been efforts to build industry-specific reliability databases and standards. The
SuperGen database [205] collates published reliability and safety factor data. Since the start of
SuperGen, DNV-GL and Carbon Trust have published guidelines for designing and operating
WECs [206], [207]. The European Marine Energy Centre published design [208] and
reliability, maintainability, and survivability [209] guidelines to include wave and tidal energy
devices, updating and expanding upon DNV-GL’s. Codifying these guidelines, the
International Electro-technical Commission Technical Committee 114, created a
comprehensive set of standards for wave, tidal, and other waver current converters [210].
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While these efforts in ORE reliability research have advanced the industry, there is an
opportunity to accelerate progress through the use of RBDO.

6.5 RBDO in ORE
6.5.1 What is RBDO?
In design optimization, engineers balance design objectives (i.e. minimizing cost,
maximizing reliability or performance) to obtain optimal designs. In deterministic design
optimization methods, optimal solutions are often found at the limits of design constraints,
where even small uncertainties could influence the viability of optimal solutions. In ORE,
uncertainties are inherent in metocean conditions, data measurement, and modeling, as well as
device design and manufacturing. Not accounting for these uncertainties in design
optimization can lead to unviable designs or higher probabilities of failure.
RBDO integrates uncertainty into design optimization by prioritizing designs with a low
chance of system failure. Although performance and reliability are often related in RBDO,
there is a design tradeoff between reliability and cost, assuming system upgrades to ensure
reliability are expensive. Uncertainty is generally characterized using probability theory.
However, more recent studies [211] have integrated of different types of uncertainty
quantification, such as epistemic uncertainty, which is more appropriate in representing
uncertainty when stochastic information is not available.
RBDO has been used with success for offshore wind turbines and WECs, but remains to be
fully implemented in tidal energy technology. In the following section, I will describe past
research efforts to incorporate RBDO into 1) offshore wind, 2) wave, and 3) tidal energy
systems.

6.5.2 RBDO Applications in Offshore Wind Energy
In offshore wind energy systems, RBDO has been used to determine fatigue safety factors
for industry design, and optimize the device structure, and schedule maintenance and
inspections.

6.5.2.1 Fatigue Design Safety Factors in Offshore Wind Energy
In traditional deterministic design, structural design relies on safety factors. Safety factors
reflect uncertainty related to design parameters and the required reliability level. Engineers

98
used offshore oil and gas industry safety factors when first designing offshore wind turbines,
which were calibrated to high reliability levels. This led to the overdesign and excessive cost
of offshore wind turbines. In [212] and [213], Marquez-Dominguez and Sørensen optimized
reliability levels to determine appropriate safety factors for offshore wind turbine design,
thereby decreasing the cost of the turbine support structure. These safety factors were
calibrated for fatigue strength or load for steel substructures for 1) wave-dominant loads, 2)
wind-dominant loads for a single turbine, and 3) wind-dominant load conditions for a turbine
in a wind farm. For the third case, wake and non-wake interactions between turbines were
taken into account. The impact of inspections on safety factors was also assessed.
Considering a no-inspection scenario, Marquez-Dominguez and Sørensen paired stressfailure curves (SN-curves) with Miner’s Rule assumption of linear damage accumulation.
Miner’s Rule uses sequence-independent, linearized damage accumulation and assumes that
fatigue failure occurs when [40]:
!!

!!!

!!
=1
!!

( 53 )

where !! is the total number of cycles and !! is the expected number of cycles at a certain
stress range. The S-N curve shows the number of cycles leading to fatigue failure of a given
stress amplitude. When using the S-N curve approach, a linear or bilinear (which includes
plastic deformation) formulation is implemented. Rain-flow counting (see: [27]) can be used
to discretize the load time series spectra into intervals of load amplitudes. An interval, !, has
!! cycles per year of a certain load range ∆!! (normal force). It is assumed that the stress
range ∆!! can be expressed by a design parameter ! (cross-sectional area) and the
corresponding load range ∆!! :

∆!! =

∆!!
!

( 54 )

The bilinear S-N curve has a slope change or decision boundary at ∆!! . With inspections,
Marquez-Dominguez and Sørensen paired S-N curves with a Fracture Mechanics approach
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[214], [215]. They then grouped stress ranges by intervals using Rainflow Counting [216]–
[218] and represented those intervals through Markov matrices [219]. Probabilities of failure
were estimated using First-Order Reliability Methods (FORM) [220]–[223], and verified via
Monte Carlo Simulations. Quality of inspection was represented by a Probability-of-Detection
curve, and limit state equations were based on cycles to failure and crack depth. Results were
compared with those used in the oil and gas industry using the same methods [224], [225], and
showed that safety factors for offshore wind turbines in wind-dominant load scenarios
required a safety factor of 2.5, less than that of unmanned offshore oil and gas platform
requirements. For wave-dominant load scenarios, a safety factor of 3.5 was required. Results
also found required safety factors could be reduced with three high-quality inspections over
the life of the device.
Rangel-Ramirez and Sørensen [226] build upon this work in fatigue design safety factors
by incorporating cost of maintenance strategies. Some offshore wind turbine components are
designed to operate the entire turbine design life due to the expense of replacement or
difficulty of repair. If the component is not designed to last the entire life of the turbine, the
component can be optimized for cost given inspection and repair planning. Using a reliabilitybased approach they calibrated fatigue design factors based on a specific minimum reliability
level, comparing inspection and maintenance strategies that minimize lifetime costs
(answering the question: does the probability of scheduled maintenance outweigh the cost of
potential later failure). A similar approach has been used for offshore oil and gas substructures [224], [225], [227], [228]. Lower fatigue design factors were calculated as a result
of this research. If inspections were included, the fatigue design factors were decreased
further. Rangel-Ramirez and Sørensen optimized cost by optimally choosing the maintenance
strategies over the life of the turbine, as well as by calibrating fatigue safety factors to avoid
over-engineering the turbine support structures.

6.5.2.2 Structural Optimization in Offshore Wind Energy
Large-scale operations of offshore wind farms in extreme events can also provide potential
cost savings by reducing the structural reliability level. Extreme environmental conditions
drive design of turbine towers and foundations, so Tarp-Johansen et al. maximizing profit by
optimizing reliability levels for offshore wind turbines in extreme environmental conditions
[229]. Two failure modes were considered: tower buckling and foundation sliding. Results
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showed that the optimal level of reliability based on profitability was lower than the level
required by industry, and that the cost model of the turbine is more sensitive to O&M costs
than to initial construction costs.
Fatigue is a common failure mode for wind turbine support structures, as well as turbine
blades, which are highly fatigue critical [230]. Reported by Caithness Windfarms’ database of
wind energy failures [193], [231], the majority of failures are due to blade failure. According
to Shokrieh and Rafiee [232], several factors make wind turbine blades susceptible fatigue:
long and flexible structures, vibrations in their resonant mode, randomness in load spectra,
continuous operation under varying conditions, and low maintenance. The primary reason for
fatigue damage accumulation of up-wind turbines is wind turbulence. However, stress reversal
in the wind turbine blades of down-wind turbines due to shadow effects also contribute to
fatigue damage accumulation [230]. Shadow effects refer to the reduction of wind speed
directly in front of a wind turbine due to the influence of the blades on boundary conditions
[233]–[239].
This finding of stress reversal led Thoft-Christensen et al. to explore how damage
accumulation from wake effects can be modified through tower design [230], [240], [241].
Constructing a constant life diagram [242], [243], eigenmodes (or vibrations that cause the
entire structure or component to move at the same frequency) for the wind turbine blades were
determined to estimate mean and standard deviation of damage states. Results showed average
damage accumulation in the blades is smaller in a tripod tower design than the monopile
design typically used in industry. Moreover, results showed lower limits of damage
accumulation in the tripod design than the monopile design. These findings have ramifications
as available tenders are located increasingly deeper offshore where wave and wind loads
increase.
Broadening the scope of wind turbine failures from fatigue failure of blades to include the
hub, shaft and main tower; local buckling of tower; and foundation failure, Sørensen and
Tarp-Johansen use RBDO to optimize the reliability of offshore wind turbine structures [244]
using FORM and Second-Order Reliability Methods (SORM) [245]–[248]. They reason that
the risk of human injury or environmental damage from turbine failure is negligible, so
reliability levels can be optimized on an economic basis (LCOE). Design parameters included
were the foundation radius (R), tower thickness (t), and tower diameter (D). The objective
function represented building, inspection, maintenance, and failure costs. Multiple
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reconstruction policies were considered: systematic rebuilding, no rebuilding, failure of the
control system, and the inclusion of inspections and maintenance. Similar methods to those
used by Marquez-Dominguez and Sørensen [212], [249] were used to model fatigue and
inspection quality.
When assuming systematic rebuilding, wind and wave loads were found to be almost
equally as important as the consequence of the reliability-based cost-benefit optimization. As
failure costs increased, R decreased, while reliability, t, and D increased. R, t, D, and
reliability indices were not dependent on the annual benefit b, but reliability indices were
inversely proportional to interest rates. Considering the case with no rebuilding, optimal
design values were almost the same as with systematic rebuilding, but R and reliability indices
were smaller while D was larger. When control strategies were implemented in the systematic
rebuilding case, R, t, D, and reliability indices were almost independent of marginal cost and
the costs related to marginal improvements in the control system.
RBDO applications were extended to array layout optimization by Sørensen, who
optimally arranged a wind farm for cost and reliability using distance between turbines as the
design variable [250]. Two failure modes were examined: standstill and operating (for limit
state equations). Additionally, the placement of a single turbine was compared to the
placement of a many. FORM was used to find that the distance between wind turbines is
inversely related to turbulence intensity, and directly related to probability of failure.
Furthermore, results showed that correlation in yield strength between different wind towers is
more important than the correlation in the radius of turbulence when optimizing cost and
reliability.

6.5.2.3 Risk-Based Inspection Planning in Offshore Wind Energy
A focus within RBDO in ORE applications is the study of reliability or risk-based
inspection (RBI) and maintenance planning [224], [251]–[257]. RBI planning provides means
for quantifying the effect of inspections on risk and thus for identifying cost optimal
inspection strategies. By combining Bayesian decision analysis with structural reliability
analysis, RBI uses available probability models of deterioration processes and inspection
performances to present a consistent decision basis [258].
RBI methods were developed for new offshore structures, thus ageing effects were not
considered. In their study on potential increased crack initiation in older installations [259],
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Sørensen and Ersdal focus instead on ageing structures. Their results showed widespread
fatigue, increased risk for crack initiation, and increased crack growth in aging structures. This
study is particularly salient under current industry circumstances, in which the first offshore
wind farms are reaching their expected life, and repowering or life extension is being
considered. This research advocates that, in the case of repowering or life extension,
installations should be held to similar reliability standards as new installations.
Incorporating inspection and monitoring information, Nielsen and Sørensen [260]
developed a condition-based optimization scheme that minimizes costs due to O&M. The
model used a damage model that anticipated failures by incorporating physical process models
of corrosion, fatigue, erosion, and wear, as well as information on how the failure develops.
To reduce uncertainty and inform in this damage model, Nielsen and Sørensen also
incorporated inspection, monitoring, and failure data to make use of the real-time, online
monitoring included on most modern turbines. The damage model simulated singlecomponent deterioration, and then estimated the expected costs of different maintenance
schemes (corrective and condition-based) for offshore wind turbines. Model mean time before
failure and maintenance schemes are optimized to minimize cost, thus determining the
inspection interval.

6.5.3 RBDO Applications in Wave and Tidal Energy
Like offshore wind turbines, fatigue failures are a common failure mode in wave energy
devices, occurring at welded joints or corroded bolts. The consequences of component failure
is assumed to be similar to failure consequences of offshore wind turbine components,
therefore requiring lower safety factors than those used in the offshore oil and gas industry.
For offshore wind turbines, the dominating load is wind induced whereas for WECs, fatigue is
mainly caused by wave loading [225].
Following Marquez-Dominguez’s and Sørensen’s calibration of fatigue safety factors,
Ambühl [261] similarly calibrated fatigue safety factors for the WaveStar device. Similar
methods were used as those used in Marquez-Dominguez’s and Sørensen, but additionally, the
effect of different control strategies were considered. Safety factors were calibrated to minimal
annual reliability indices of 3.1 and 3.7, as well as minimal cumulative reliability indices of
3.1 and 2.5, which are accepted for offshore wind turbines. Loads were based on simulated
wave conditions via wave-tank experiments.
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Results revealed that the control method applied (proportional control and spring-damper
controlled) had minor influence on safety factors compared to environmental conditions. It
was also found that the number of inspections that minimized costs was dependent on
economic decision theory and not by minimizing the required safety factor value. The safety
factors were similar to those for floating wind turbines [262], but exceeded those for fixedbottom offshore wind turbines [263] and those previously proposed for WECs [207]. Ambühl
postulates that this could be due to wave loads tending to have larger modeling uncertainties
than wind load assessments. However, I would argue for the same methodology to be applied
to multiple device types to also assess how diversity in WEC design affects variability in
optimized safety factors. While these safety factors accurately depict those needed for a
concept like WaveStar, other WEC concepts may have variant safety factor values, and some
may even not share the most common failure mode.
Following this study, Ambühl [264] explored how wave modeling uncertainty affects
reliability calculations. After quantifying the bias, root-mean-square error, and scatter index of
SWAN, WAM, MIKE 21, and WWIII of a given wave state, Ambühl corrected reliability
index and annual probability of failure estimates of the WaveStar piles. Exploring the bending
moment of WaveStar piles during extreme slamming loads of breaking waves, Ambühl found
that without uncertainty correction, reliability indices and failure probabilities were
overestimated. Applications of RBDO have not yet, but should, incorporate wave model
uncertainties to avoid incorrect reliability estimates or design.
In a different study, Ambühl et al. presented methods to optimize the structural design of
WECs using RBDO [265]. Using MATLAB’s FERUM4.1 First-Order Reliability Method and
Reliability Index program, they maximized profitability by maximizing the difference between
income and expected expenses. They considered several failure modes: foundation sliding,
overturning, soil bearing capacity failure, and bending of piles. Design parameters included
the foundation radius, the outer pile diameter, and pile thickness. Three development phases
were considered (prototype, pre-commercial, commercial) to account for technology maturity
effects on profit from variations in power produced, placement in the ocean, forces
experienced, and subsidies received. Results determined reliability index and system
reliability values of 3.3 and 3.0, respectively. Varying failure costs by up to 50% did not affect
profitability significantly. A 10% variation in benefit affected profitability, but not reliability.
Interest rate was inversely correlated to profit, reliability indices. Most importantly, Ambühl et
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al. determined which forces were limiting to device design through this method, a significant
need in the industry [176], [198].
Ferri et al. built on this structural WEC design optimization by incorporating effects of
control strategies [266]. Due to the high ratio between extreme and operational loads, WEC
structural costs are expected to be 30-50% of the capital cost [133], [267]. Since WEC costs
are dependent on WEC structure, and the WEC structure is dependent on expected loads,
exploring control strategy effects (as they are coupled with WEC fatigue behavior) can
minimize capital cost of a WEC. Optimal control strategies are often judged based on the
gained mechanical or electrical energy, but control strategy optimality based on cost had not
yet been explored. Therefore, Ferri et al. explored the relative impact of control strategies on
overall cost. Comparing proportional control (P), proportional-integral (PI) control,
proportional-integral-derivative with memory compensation (PID) controller, model
predictive control (MPC) and maximum energy controller (MEC), the authors presented a
methodology optimizing energy output and structural fatigue loads via the WEC crosssectional area over the life of the device.
The control strategies were used with load time-series resulting from numerical simulations
to design structural parts based on fatigue analysis using Rainflow Counting, S-N curves, and
Miner’s Rule. P, PI, and PID control were defined up to the establishment of the control
parameters (proportional, integral, and derivative gain) and were optimized for mean absorbed
power using the Nelder-Mead method with random seeded starting points. The algorithm was
repeated for each sea state, each controller, and each case (Case 1: unconstrained, Case 2:
unconstrained with linearized viscous drag moment implemented as additional damping, Case
3: power-takeoff (PTO) constrained cases with linearized viscous drag moment, Case 4: Endstop of the PTO actuator, Case 5: PTO delay). Results show that energy and fatigue depend on
the constraint of the PTO moment for all considered controllers rather than by the position
constraint or PTO delay. Both active controllers (PI and PID) harvest 80% of the maximum
achievable energy and twice as much energy as the passive controller, and need roughly 50%
more structural material to achieve the same expected life as that achieved with the passive
controller. Sensitivity analysis carried out with the PI controller showed that the controller
parameters, which have been optimized with respect to maximum annual energy production,
are also cost-optimal parameters.
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6.6 Conclusions
In this chapter, I have described major technologies within ORE, as well as how this
industry uses reliability to enhance feasibility and market competitiveness. There is an
opportunity to use RBDO methods to accelerate technology convergence, improve reliability,
and enhance market competitiveness. Although researchers have explored RBDO applications
in ORE and contributed foundational work to this field, new applications exist as the ORE
industry matures, technology advances, and new developments evolve. For instance, future
work applying RBDO can inform how industry redesigns and modifies existing ORE systems
(older installations) for repowering or life extensions. Another opportunity for future work
includes optimizing part replacement or warrantee renewal for cost and reliability. Although
warrantee renewal and part replacement is a common problem addressed in industry [268], it
has been addressed historically through expert judgment based on worker experience, not by
RBDO methods. This application of RBDO can also inform the design of repowered sites.
Lastly, RBDO applications have been limited mostly to offshore wind turbines and WECs.
Opportunities for future work should include application of RBDO techniques to floating
offshore wind turbine, tidal turbine, and co-located (inclusion of two device types in the same
leased ocean space) systems.
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Chapter 7: Conclusions
This thesis is a compilation of studies that examine new uses and methods in offshore
renewable energy, and lay a framework for more complex future analyses. The first two
studies address techno-economic feasibility of co-located wind-wave developments through 1)
the development of a genetic algorithm to minimize wave height in a wind turbine array
through WEC layout, and 2) the development and analyses of an analytical cost model to
quantify the cost of co-located wind-wave arrays. Together, these two studies will allow
researchers and industry to explore the interactions between WECs and offshore wind turbines
in co-located arrays, and their impacts on array costs.
Another new use case for wave energy is explored in the third and fourth studies in this
thesis: emergency wave energy generation. I explored machine learning methods to predict
storm-related, sustained outages on the central Oregon coast, determining which techniques
are more appropriate for this kind of analysis by identifying their limitations and advantages.
Then, I developed a novel analytical cost model for this emergency wave energy generation
scenario. Through the process of building this cost model, I gained valuable insight into the
limitations of economic analysis research within the wave energy field, as well as the
capabilities of this cost model. While highly context-specific, this cost model shows that, for
the case study of Newport, Oregon, emergency wave energy generation is a viable solution for
electrical isolation and vulnerability to sustained outages.
Lastly, this thesis includes a study of literature pertaining to reliability and reliability-based
design optimization techniques as they are applied to offshore renewable energy systems. This
review identifies gaps in previous research that could prove significant in improving the
techno-economic feasibility of offshore renewable energy systems, if they were to be further
explored.
As the offshore renewable energy industry matures, there is great opportunity to use
computational optimization and machine learning techniques to advance design and
implementation of these technologies, as well as to explore novel use cases. While offshore
renewable energy technologies are at various stages of development on their way to
commercial viability and cost competitiveness, I argue that focusing only on industrial-scale,
mono-technology installations should not be the sole objective of industry and researchers. At
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a relatively early stage in development, offshore renewable energy has the opportunity to
develop technologies responsibly, improving social, economic, and environmental
sustainability through design.
“There is something for everyone in the sea,” says Steinbeck, “incredible beauty for the
artist, the excitement and danger of exploration for the brave and restless, an open door for the
ingenuity and inventiveness of the clever, a new world for the bored, food for the hungry, and
incalculable material wealth for the acquisitive–and all of these in addition to the pure clean
wonder of increasing knowledge.” This thesis presents a collection of studies that begin to
address this objective: to simultaneously improve techno-economic feasibility of offshore
renewable energy systems and achieve socio-ecological betterment via intelligent system
design.
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Appendix A: Example SWAN File
$
PROJ 'wavehub' 'wh'
$
SET CARTESIAN
SET inrhog=1
COORD SPHERICAL
MODE STAT TWOD
$
$************************************Computational Grid Commands*******************************
$
CGRID REG -5.65 50.30 0.0 0.25 0.16 1085 1013 CIRCLE 24 0.1 0.9 4
$
$**************************************Input Grid Commands****************************************
$
INPGRID BOTTOM REG -5.651092529296875 50.29884338378906 0.0 120 77
0.0020833333333 0.0020833333333
READINP BOTTOM 1 'WaveHubNestedGrid.dat' 1 0 FREE
$
$*******************************Boundary and Initial Condition Commands*************************
$
BOUNDNEST1 NEST 'WaveHubNested.nst' CLOSED
$
$*************************************Physics Condition Commands*********************************
$
GEN3
BREAKING
TRIAD
OFF QUADRUPL
$
$*********************************************OBSTACLES********************************************
$
$Wind Turbines
OBSTACLE TRANS 0.0 LINE -5.59000000000000, 50.4000000000000 -5.58975601838995,
50.4001672147820
OBSTACLE TRANS 0.0 LINE -5.58214282146884, 50.4001704766026 -5.58189881083091,
50.4003376753040
OBSTACLE TRANS 0.0 LINE -5.57428556750823, 50.4003404226515 -5.57404152784905,
50.4005076052689
OBSTACLE TRANS 0.0 LINE -5.56642823835234, 50.4005098381346 -5.56618416967853,
50.4006770046645
OBSTACLE TRANS 0.0 LINE -5.55857083423534, 50.4006787230395 -5.55832673655355,
50.4008458734786
OBSTACLE TRANS 0.0 LINE -5.55071335539145, 50.4008470773543 -5.55046922870831,
50.4010142116991
OBSTACLE TRANS 0.0 LINE -5.54285580205486, 50.4010149010668 -5.54261164637701,
50.4011820193140
OBSTACLE TRANS 0.0 LINE -5.53499817445981, 50.4011821941649 -5.53475398979390,
50.4013492963110
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OBSTACLE TRANS 0.0 LINE -5.52714047284053, 50.4013489566367 -5.52689625919320,
50.4015160426783
OBSTACLE TRANS 0.0 LINE -5.51928269743127, 50.4015151884701 -5.51903845480918,
50.4016822584038
OBSTACLE TRANS 0.0 LINE -5.58890664200748, 50.3950044462956 -5.58866268141613,
50.3951716585863
OBSTACLE TRANS 0.0 LINE -5.58105027999161, 50.3951748368569 -5.58080629038147,
50.3953420330695
OBSTACLE TRANS 0.0 LINE -5.57319384259879, 50.3953446969569 -5.57294982397650,
50.3955118770879
OBSTACLE TRANS 0.0 LINE -5.56533733006311, 50.3955140265833 -5.56509328243528,
50.3956811906294
OBSTACLE TRANS 0.0 LINE -5.55748074261866, 50.3956828257240 -5.55723666599194,
50.3958499736817
OBSTACLE TRANS 0.0 LINE -5.54962408049956, 50.3958510943669 -5.54937997488057,
50.3960182262328
OBSTACLE TRANS 0.0 LINE -5.54176734393993, 50.3960188324999 -5.54152320933532,
50.3961859482706
OBSTACLE TRANS 0.0 LINE -5.53391053317391, 50.3961860401109 -5.53366636959032,
50.3963531397830
OBSTACLE TRANS 0.0 LINE -5.52605364843565, 50.3963527171880 -5.52580945587974,
50.3965198007580
OBSTACLE TRANS 0.0 LINE -5.51819668995934, 50.3965188637190 -5.51795246843774,
50.3966859311836
OBSTACLE TRANS 0.0 LINE -5.58781400753046, 50.3900178598302 -5.58757006790993,
50.3901850696319
OBSTACLE TRANS 0.0 LINE -5.57995846032889, 50.3901881644301 -5.57971449169865,
50.3903553581561
OBSTACLE TRANS 0.0 LINE -5.57210283780279, 50.3903579386608 -5.57185884016947,
50.3905251163077
OBSTACLE TRANS 0.0 LINE -5.56424714018616, 50.3905271825102 -5.56400311355639,
50.3906943440745
OBSTACLE TRANS 0.0 LINE -5.55639136771302, 50.3906958959660 -5.55614731209341,
50.3908630414444
OBSTACLE TRANS 0.0 LINE -5.54853552061738, 50.3908640790162 -5.54829143601459,
50.3910312084052
OBSTACLE TRANS 0.0 LINE -5.54067959913330, 50.3910317316486 -5.54043548555396,
50.3911988449449
OBSTACLE TRANS 0.0 LINE -5.53282360349483, 50.3911988538513 -5.53257946094558,
50.3913659510514
OBSTACLE TRANS 0.0 LINE -5.52496753393604, 50.3913654456121 -5.52472336242352,
50.3915325267127
OBSTACLE TRANS 0.0 LINE -5.51711139069102, 50.3915315069193 -5.51686719022188,
50.3916985719168
OBSTACLE TRANS 0.0 LINE -5.58672114509557, 50.3850222709082 -5.58647722648427,
50.3851894782202
OBSTACLE TRANS 0.0 LINE -5.57886641396166, 50.3851924895185 -5.57862246634973,
50.3853596807573
OBSTACLE TRANS 0.0 LINE -5.57101160755565, 50.3853621778520 -5.57076763094973,
50.3855293530141
OBSTACLE TRANS 0.0 LINE -5.56315672611146, 50.3855313358965 -5.56291272051818,
50.3856984949784
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OBSTACLE TRANS 0.0 LINE -5.55530176986303, 50.3856999636397 -5.55505773528900,
50.3858671066382
OBSTACLE TRANS 0.0 LINE -5.54744673904429, 50.3858680610696 -5.54720267549616,
50.3860351879812
OBSTACLE TRANS 0.0 LINE -5.53959163388921, 50.3860356281741 -5.53934754137360,
50.3862027389954
OBSTACLE TRANS 0.0 LINE -5.53173645463175, 50.3862026649412 -5.53149233315531,
50.3863697596687
OBSTACLE TRANS 0.0 LINE -5.52388120150591, 50.3863691713588 -5.52363705107527,
50.3865362499892
OBSTACLE TRANS 0.0 LINE -5.51602587474567, 50.3865351474150 -5.51578169536749,
50.3867022099450
OBSTACLE TRANS 0.0 LINE -5.58564255521606, 50.3800263600952 -5.58539865766103,
50.3801935649469
OBSTACLE TRANS 0.0 LINE -5.57778864006042, 50.3801964936886 -5.57754471351384,
50.3803636824696
OBSTACLE TRANS 0.0 LINE -5.56993464968467, 50.3803660970975 -5.56969069415318,
50.3805332698042
OBSTACLE TRANS 0.0 LINE -5.56208058432266, 50.3805351703097 -5.56183659981286,
50.3807023269387
OBSTACLE TRANS 0.0 LINE -5.55422644420821, 50.3807037133129 -5.55398243072674,
50.3808708538610
OBSTACLE TRANS 0.0 LINE -5.54637222957520, 50.3808717260952 -5.54612818712868,
50.3810388505588
OBSTACLE TRANS 0.0 LINE -5.53851794065749, 50.3810392086444 -5.53827386925256,
50.3812063170201
OBSTACLE TRANS 0.0 LINE -5.53066357768897, 50.3812061609485 -5.53041947733227,
50.3813732532330
OBSTACLE TRANS 0.0 LINE -5.52280914090354, 50.3813725829956 -5.52256501160171,
50.3815396591854
OBSTACLE TRANS 0.0 LINE -5.51495463053512, 50.3815384747736 -5.51471047229480,
50.3817055348653
OBSTACLE TRANS 0.0 LINE -5.58455018677300, 50.3750307361152 -5.58430631021772,
50.3751979384787
OBSTACLE TRANS 0.0 LINE -5.57669708723719, 50.3752007837707 -5.57645318169944,
50.3753679700658
OBSTACLE TRANS 0.0 LINE -5.56884391253364, 50.3753703013339 -5.56859997802005,
50.3755374715572
OBSTACLE TRANS 0.0 LINE -5.56099066289611, 50.3755392887926 -5.56074669941329,
50.3757064429408
OBSTACLE TRANS 0.0 LINE -5.55313733855835, 50.3757077461347 -5.55289334611294,
50.3758748842043
OBSTACLE TRANS 0.0 LINE -5.54528393975415, 50.3758756733481 -5.54503991835277,
50.3760427953357
OBSTACLE TRANS 0.0 LINE -5.53743046671729, 50.3760430704208 -5.53718641636657,
50.3762101763230
OBSTACLE TRANS 0.0 LINE -5.52957691968156, 50.3762099373407 -5.52933284038815,
50.3763770271541
OBSTACLE TRANS 0.0 LINE -5.52172329888080, 50.3763762740958 -5.52147919065132,
50.3765433478170
OBSTACLE TRANS 0.0 LINE -5.51386960454883, 50.3765420806742 -5.51362546738993,
50.3767091382998
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OBSTACLE TRANS 0.0 LINE -5.58345854028987, 50.3700440794566 -5.58321468468651,
50.3702112793341
OBSTACLE TRANS 0.0 LINE -5.57560625467484, 50.3702140412539 -5.57536237009807,
50.3703812250655
OBSTACLE TRANS 0.0 LINE -5.56775389394437, 50.3703834730509 -5.56750998040082,
50.3705506407932
OBSTACLE TRANS 0.0 LINE -5.55990145833212, 50.3705523748356 -5.55965751582841,
50.3707195265051
OBSTACLE TRANS 0.0 LINE -5.55204894807177, 50.3707207465958 -5.55180497661452,
50.3708878821891
OBSTACLE TRANS 0.0 LINE -5.54419636339702, 50.3708885883194 -5.54395236299285,
50.3710557078331
OBSTACLE TRANS 0.0 LINE -5.53634370454155, 50.3710558999943 -5.53609967519711,
50.3712230034251
OBSTACLE TRANS 0.0 LINE -5.52849097173911, 50.3712226816085 -5.52824691346101,
50.3713897689530
OBSTACLE TRANS 0.0 LINE -5.52063816522340, 50.3713889331502 -5.52039407801829,
50.3715560044049
OBSTACLE TRANS 0.0 LINE -5.51278528522819, 50.3715546546073 -5.51254116910271,
50.3717217097688
OBSTACLE TRANS 0.0 LINE -5.58236666660705, 50.3650484203016 -5.58212283199397,
50.3652156176924
OBSTACLE TRANS 0.0 LINE -5.57451519616482, 50.3652182962126 -5.57427133258742,
50.3653854775399
OBSTACLE TRANS 0.0 LINE -5.56666365065947, 50.3653876422156 -5.56641975812436,
50.3655548074760
OBSTACLE TRANS 0.0 LINE -5.55881203032456, 50.3655564582985 -5.55856810883836,
50.3657236074886
OBSTACLE TRANS 0.0 LINE -5.55096033539370, 50.3657247444491 -5.55071638496303,
50.3658918775655
OBSTACLE TRANS 0.0 LINE -5.54310856610049, 50.3658925006553 -5.54286458673197,
50.3660596176946
OBSTACLE TRANS 0.0 LINE -5.53525672267854, 50.3660597269052 -5.53501271437880,
50.3662268278640
OBSTACLE TRANS 0.0 LINE -5.52740480536149, 50.3662264231867 -5.52716076813717,
50.3663935080616
OBSTACLE TRANS 0.0 LINE -5.51955281438299, 50.3663925894878 -5.51930874824072,
50.3665596582754
OBSTACLE TRANS 0.0 LINE -5.51163064192877, 50.3665597023051 -5.51138654661707,
50.3667267548583
$
$21 WECs
$
OBSTACLE TRANS 0.42 LINE -5.5975909381, 50.4 -5.59490704634106, 50.4018393355895
OBSTACLE TRANS 0.42 LINE -5.59649758010748, 50.3950044462956 -5.59381368834854,
50.3968437818851
OBSTACLE TRANS 0.42 LINE -5.59540494563046, 50.3900178598302 -5.59272105387152,
50.3918571954197
OBSTACLE TRANS 0.42 LINE -5.59431208319557, 50.3850222709082 -5.59162819143663,
50.3868616064977
OBSTACLE TRANS 0.42 LINE -5.59323349331606, 50.3800263600952 -5.59054960155712,
50.3818656956847
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OBSTACLE TRANS 0.42 LINE -5.592141124873, 50.3750307361152 -5.58945723311406,
50.3768700717047
OBSTACLE TRANS 0.42 LINE -5.59104947838987, 50.3700440794566 -5.58836558663093,
50.3718834150461
OBSTACLE TRANS 0.42 LINE -5.58995760470705, 50.3650484203016 -5.58727371294811,
50.3668877558911
OBSTACLE TRANS 0.42 LINE -5.6051818762, 50.4 -5.60249798444106, 50.4018393355895
OBSTACLE TRANS 0.42 LINE -5.60408851820748, 50.3950044462956 -5.60140462644854,
50.3968437818851
OBSTACLE TRANS 0.42 LINE -5.60299588373046, 50.3900178598302 -5.60031199197152,
50.3918571954197
OBSTACLE TRANS 0.42 LINE -5.60190302129557, 50.3850222709082 -5.59921912953663,
50.3868616064977
OBSTACLE TRANS 0.42 LINE -5.60082443141606, 50.3800263600952 -5.59814053965712,
50.3818656956847
OBSTACLE TRANS 0.42 LINE -5.599732062973, 50.3750307361152 -5.59704817121406,
50.3768700717047
OBSTACLE TRANS 0.42 LINE -5.59864041648987, 50.3700440794566 -5.59595652473093,
50.3718834150461
OBSTACLE TRANS 0.42 LINE -5.59754854280705, 50.3650484203016 -5.59486465104811,
50.3668877558911
OBSTACLE TRANS 0.42 LINE -5.6127728143, 50.4 -5.61008892254106, 50.4018393355895
OBSTACLE TRANS 0.42 LINE -5.61167945630748, 50.3950044462956 -5.60899556454854,
50.3968437818851
OBSTACLE TRANS 0.42 LINE -5.61058682183046, 50.3900178598302 -5.60790293007152,
50.3918571954197
OBSTACLE TRANS 0.42 LINE -5.60949395939557, 50.3850222709082 -5.60681006763663,
50.3868616064977
OBSTACLE TRANS 0.42 LINE -5.60841536951606, 50.3800263600952 -5.60573147775712,
50.3818656956847
$
$*****************************************Output Commands*****************************************
$
BLOCK 'COMPGRID' NOHEAD 'WaveHub_0.mat' LAYOUT 3 HS TM01 FSPR DIR XP YP
DEP
TEST 1,0
COMPUTE
STOP
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Appendix B: ORE Technologies
Technology
Offshore
Wind

Device Type
Horizontal axis turbine

Vertical axis turbine

Fixed-bottom turbine

Depiction
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Floating turbine

Tidal

Tidal Barrage

Tidal Current Stream Generator

138
Wave

Attenuator

Point Absorber

Oscillating Wave Surge
Converter

139
Oscillating Water Column

Overtopping Device

Submerged Pressure Differential

140
Bulge Wave

Rotating Mass

141

Appendix C: Bathymetric Map of Central Oregon Coast

