
Applied Energy 297 (2021) 117091

A
0

Contents lists available at ScienceDirect

Applied Energy

journal homepage: www.elsevier.com/locate/apenergy

On the benefits of negative hydrodynamic interactions in small tidal energy
arrays
Mathew B.R. Topper a,∗, Sterling S. Olson b, Jesse D. Roberts b

a Data Only Greater, Maynooth, Ireland
b Sandia National Laboratories, Albuquerque, United States

A R T I C L E I N F O

Keywords:
Tidal energy converter
Arrays
Levelized cost of energy
Optimisation
Techno-economic modelling
DTOcean

A B S T R A C T

As the technology of hydrokinetic tidal energy conversion looks to exploit smaller markets in the wider
‘blue economy’, innovation is still required to ensure cost competitiveness with other energy sources. A
typical assumption of existing techno-economic models of tidal energy converter (TEC) arrays is that TECs
positioned to minimise negative hydrodynamic interactions will maximise economic return. That the number
of TECs within an array should be chosen to maximise the annual energy production, follows from this
assumption. To examine the validity of these assertions for small, area-constrained arrays, a hypothetical
model of the relationship of levelised cost of energy (LCOE) to the mean mechanical annual energy production
(MMAEP) is developed. The model exhibits three classes of behaviour, determined by the rate of energy lost
to interactions as TECs are added to an optimally positioned array; significantly, only one class has greatest
MMAEP corresponding to lowest LCOE. To test this model, a contemporary optimisation algorithm is added
to the advanced ocean energy techno-economic simulation tool ‘DTOcean’ and applied to arrays of TECs
constrained by a 2 ha deployment area. It is shown that the hypothetical LCOE model accurately describes
the DTOcean results up to and including 12 TECs deployed. At 13 TECs deployed, the level of TEC interaction
increases dramatically, invalidating the hypothetical model. Notably, however, the LCOE is shown to reduce
significantly by allowing negative interactions between TECs, reducing by 47.8% from the best non-interacting
array. Thus, subject to an improved understanding of the relationship between the environment, TEC reliability
and costs, the results indicate that allowing negative interactions between TECs may increase the economically
extractable resource of small area-constrained tidal energy sites.
1. Introduction

Hydrokinetic tidal current energy conversion transforms kinetic
energy from tidally driven flows into electrical energy (see [1]). If
proven economically viable, this technology can become part of the
global effort to reduce carbon emissions and mitigate the impact of
climate change [2]. Yet, the cost of tidal current energy remains high in
comparison to other renewable energy technologies; even with advan-
tageous learning rates, [3] found that, in the UK, tidal current energy
would remain approximately 2 to 5 times more expensive than offshore
wind for utility scale generation by 2050. Very large scale tidal current
energy conversion (hundreds of MWs) may also significantly modify
the environment [4] and reduce the economic viability (via modified
flows) of other, nearby, tidal energy sites [5].

In order to overcome these important barriers to entry, recent focus
has been on market opportunities other than utility scale electricity
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generation. In [6] off-grid applications for small and remote (‘blue
economy’) communities are identified as markets where tidal current
energy conversion can have positive economic and social benefits over
high-cost polluting energy sources such as diesel generation. Sites that
provide smaller scale tidal current energy resources are also more
abundant than those considered to be utility scale (for instance, the
average viable power production for every tidal current site identified
in Ireland, in [7], is less than 30MW). The challenge for applying
tidal current conversion (where arrays of converters are deployed) to
these markets is that small arrays are less economically efficient than
larger ones. A technology agnostic metric used to measure the economic
efficiency of energy generating plant is the levelised cost of energy
(LCOE). The LCOE estimates the revenue per unit of electricity required
to cover the costs of operating a plant over its lifetime and, thus, lower
values are better. For the Tacoma Narrows strait, in the north-west US,
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List of Abbreviations, Units and Nomenclature

𝐂 Costs incurred per year of operation
𝐄 Energy exported per year of operation
𝐱𝑖 Position of TEC 𝑖
𝐶cap Array capacity factor
𝐶𝑃 Rotor power coefficient
𝐶𝑇 Rotor thrust coefficient
𝐸 Array MMAEP
𝑃𝑖 Power output for rotor 𝑖
𝑃 0
𝑖 Power output without interactions for rotor 𝑖

𝑃rated TEC rated power
𝑇𝑎 Number of hours in a year
𝑐0 Costs incurred prior to commencement
𝑐𝑖 Costs incurred per annum
𝑐0 Fixed capital costs
𝑐𝑒 Fixed operational costs per annum
𝑐𝑚 Operational costs per TEC per annum
𝑐𝑥 Capital costs per TEC
𝑑 Discount rate
𝑓0 Optimisation global objective function
𝑓𝑖 Function representing MDO discipline 𝑖
𝑓𝑝 Optimisation penalty value
𝑓max Maximum expected value of 𝑓0
𝑛0 Maximum number of TECs that array can support

without interaction
𝑛0.5 Number of TECs for when output is half of the

undisturbed value
𝑛𝑟 Number of TEC rotors
𝑛𝑠 Total number of RVFs
𝑛𝑡 Number of years in project
𝑛𝑥 Number of TECs
(𝑝1, 𝑝2) Array centre point
𝑟 Minimum spacing between TECs
(𝑡1, 𝑡2) Parametric representation of the TEC deployment

area
(𝑥, 𝑦) Projected map coordinates
(𝑧−, 𝑧+) TEC deployment depth range
P Probability of occurrence of a RVF
c Optimisation constraints
k Optimisation loop index
n Number of dimensions in optimisation search space
q Array q-factor
q𝑖 q-factor for rotor 𝑖
s UH-CMA-ES uncertainty metric
t Number of function evaluations of the stochastic

cost function
tmax Maximum t

x Optimisation design variables
xfeasible Feasible solution to 𝑓0
y Optimisation coupling and state variables
𝛺 TEC deployment area
𝛺∗ Minimum-area enclosing rectangle of constrained

deployment area
𝛩 TEC positioning grid rotation
𝛼𝜎 Multiplier of 𝜎
𝛼𝑡 Multiplier of teval
𝛿𝑐 TEC positioning grid column spacing
𝛿𝑟 TEC positioning grid row spacing
2

𝜎 Population variance of UH-CMA-ES solution
search space

q-factor Factor of power reduction due to interactions
CAPEX Capital expenditure
CFD Computational fluid dynamics
LCOE Levelised cost of energy
MDO Multidisciplinary design optimisation
MMAEP Mean mechanical annual energy production (of

the array)
MMAEP𝑖 MMAEP for rotor 𝑖
NPC Net present cost
OPEX Operational expenditure
RVF Representative velocity field
TEC Tidal energy converter
UH-CMA-ES Uncertainly handling covariance matrix adapta-

tion evolution strategy
UTM Universal Transverse Mercator

a 10MW array is predicted by [8] to have an LCOE of approximately
$400∕MWh, whereas diesel generation is estimated to be within the
$200−$300∕MWh range [9].

Techno-economic modelling of electricity generation plant
parametrises technical design choices and calculates the impact of those
choices on both plant cost and lifetime energy production. This allows
such modelling to be used to investigate ways of reducing the LCOE
of individual plants and the technology as a whole; for instance, the
optimal power rating of wave energy converters was calculated in [10].
Techno-economic models incorporate multiple social science, physical
and engineering disciplines; the study of solving such problems is
known as multidisciplinary design optimisation (MDO) [11]. Different
approaches can be taken to tackle MDO problems, such as the ‘tradi-
tional’ approach, where each discipline is optimised in turn [12] or the
contemporary ‘global’ approach, where all disciplines are optimised in
unison. A contemporary MDO approach to the optimisation of offshore
wind farms was demonstrated in [13].

The effects of tidal energy conversion on the resource are well
understood [14–17], yet assumptions are often made in relation to
other techno-economic aspects, in order to reduce complexity. For
instance, it is commonly assumed that TEC arrays should be designed
to maximise power extraction (see e.g. [18, chap. 5]). Yet, in [19,20]
it was shown that such arrays are not optimal when considering envi-
ronmental impact, while [5] shows that, for a large artificial array, the
maximum profit layout did not produce the most power. This assump-
tion is related to the choice of the longitudinal (row) spacing of TEC
arrays, where 20 rotor diameters (see [21]) has become the default,
with this value being applied in studies such as [8], for example. The
implicit assumption here is that minimising negative TEC interactions
maximises economic efficiency.

This work examines if the assumptions identified above are valid
for small1 area-constrained arrays by developing a novel analytical
model of LCOE with respect to annual energy production. The model
assumes that costs scale linearly with the number of TECs deployed,
and captures the energy lost to interactions as TECs are added to an
optimally positioned array. To verify the axioms of the model, compar-
ison is made to a numerical model free of such assumptions. In [22],
application of the state-of-the-art open-source techno-economic wave
and tidal energy array modelling tool ‘DTOcean’2 to hypothetical TEC

1 [17] describes a small array as ’’one too small to influence channel-scale
ynamics’’.

2 DTOcean can be downloaded from github.com/dtocean.

https://github.com/dtocean
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arrays in the Tacoma Narrows, USA, was demonstrated. DTOcean can
model TEC array power production, including the interaction between
TECs; design and cost the electrical network, moorings and foundations;
determine the installation requirements; and calculate the associated
lifetime operational expenditure and energy production. This provides
unique insight into the influence of these individual cost factors on the
design and economics of an array.

The utility of the DTOcean methodology is evidenced by previous
studies. In [22,23] DTOcean was used to recreate the semi-analytical
techno-economic models developed in the US Department of Energy’s
‘Reference Model Project’ [8] for both wave (RM3) and tidal arrays
(RM1), respectively. The intention of DTOcean is not to verify an
absolute value of LCOE, but to provide a standardised methodology and
discover more efficient array designs by assessing the impact of change.
Thus, in the aforementioned studies interesting scale effects were wit-
nessed which were not predicted by the semi-analytical approach, while
a number of assumptions were shown to not be technically feasible.
DTOcean has also revealed fundamental aspects of LCOE prediction for
ocean energy arrays, in particular that the LCOE should not be treated
as a singular value, but as a statistical distribution that is influenced by
the decisions of the designer [23].

To compare the DTOcean results with the analytical model, the
optimisation approach of DTOcean was advanced within this work, by
removing the assumption that TEC arrays should be laid out to max-
imise power and adding a global optimisation architecture where LCOE
determines TEC positions. This elevates DTOcean beyond the existing
numerical methods for optimisation of the LCOE of TEC arrays. Al-
though micro-siting of TEC devices in techno-economic arrays has pre-
viously been demonstrated using gradient based methods [16], heuris-
tic algorithms [24], and surrogate modelling of computational fluid
dynamics (CFD) solutions [25], all of these studies rely on simplistic
estimates for the balance-of-plant subsystems which affect cost and ar-
ray availability. The DTOcean approach, as demonstrated in this work,
combines freedom of device positioning, with detailed balance-of-plant
modelling.

Once verified, the analytical LCOE model predicts the level of
interaction between TECs that is most economical — a meaningful step
forward in understanding economic optimality of small TEC arrays.
Previously, the relationship of LCOE to the number of devices in an
array (a proxy for energy production, in this case) was presented
by [26, sec. 10.1], but their analysis did not consider interactions
between devices. The relationship of array LCOE with energy lost to
interactions is addressed in [27], but only a single array with fixed
configuration is considered. Our analytical LCOE model considers all
possible array sizes, where each array is optimally positioned. Signifi-
cantly, where [27] concludes that negative interactions are detrimental
to the LCOE of tidal energy arrays, the model proposed herein offers an
alternative perspective, i.e. that given a fixed deployment area, allow-
ing interactions can (conditionally) offer significant improvements in
LCOE.

The outline of this article is as follows. Section 2.1, provides an in-
troduction to techno-economic modelling of TEC arrays. In Section 2.2,
the hypothetical model of LCOE to energy production for small arrays
is developed. Section 2.3 introduces the DTOcean software, while the
theoretical and numerical implementation of an updated optimisation
architecture for DTOcean is given in Section 2.4. Subsequently, an
experiment to test the hypothetical LCOE model, using the new archi-
tecture, is described in Section 2.5. The results of the experiment are
then presented in Section 3, discussed in Section 4, before concluding
remarks are given in Section 5.

2. Method

2.1. Techno-economic tidal energy converter array modelling

Given the selection of a suitable deployment site, it is convenient to
subdivide the design and operation of an array of TECs within the site
3

into stages, including:
• The TEC design
• Locating the TECs and calculating the energy extracted
• Design of the electrical network to transport the captured energy

to shore
• Design of the station keeping requirements of the TECs and other

infrastructure
• Calculating the costs and time elapsed for installation operations
• Calculating the costs and energy lost due to maintenance of the

array
• Calculating the costs of decommissioning

The decommissioning stage is often disregarded, as many of the
metrics of interest are discounted (i.e. given in their present value,
subject to some discount rate), thus costs incurred at the end of a
(long) project lifetime have little influence. Whether the TEC design
is included in an array model often relates to the maturity of the
technology, with less mature technologies, possibly with technology
readiness level (TRL) less than 7 [28], being designed as part of the
model and more mature technologies being considered to have a fixed
design.

Techno-economic models must provide a means to evaluate the
economic efficiency of a deployment. LCOE is an excellent metric
for amalgamating the complex energy and cost factors involved in
TEC array design into a single value. Often LCOE is used to compare
different energy generation technologies (see e.g. [29]); however, the
metric can also be used for comparison of relative array configurations
(the uncertainty surrounding the absolute value can be high given the
level of assumption, for example, in component costs and reliability
values). The LCOE can be summarised as:

LCOE =
𝑐0 + NPC(𝐂)

NPC(𝐄) (1)

where 𝑐0 are costs incurred prior to commencement of the project
at year zero); 𝐂 and 𝐄 are the costs incurred and energy exported,

respectively, for each year of operation; and NPC is the net present cost
function, given by

NPC(𝐱) =
𝑛𝑡
∑

𝑖=1

𝑥𝑖
(1 + 𝑑)𝑖

(2)

where 𝑛𝑡 is the number of years in the project and 𝑑 is the discount
rate.

Other non-numerical metrics are also important to the design of TEC
arrays, such as the environmental impact. As the topic of this paper
concerns hypothetical techno-economic optimisation of TEC arrays, the
environmental impact is not considered here, but certain important
aspects related to the results of the article are discussed in Section 4.
Although outside of the scope of this work, understanding local envi-
ronmental impacts and wider social costs and benefits are vital for real
deployments.

2.2. Hypothetical relationship of LCOE to energy production

An analytical model to describe the relationship of LCOE to mean
mechanical annual energy production (MMAEP) (the annual energy
production without losses due to transmission or maintenance down-
time) for a small, area-constrained, tidal energy converter arrays is
developed within this section. The model provides a theoretical frame-
work for examining the relationship between device interactions and
economic efficiency.

It is assumed that costs scale linearly with the number of TECs
deployed, and interactions between TECs are assumed only to affect
the energy production of the array. Under these assumptions, and the
assumption that the number of TECs, 𝑛𝑥, is continuous, the year zero
array cost is written
0
𝑐 (𝑛𝑥) = 𝑐0 + 𝑛𝑥𝑐𝑥, (3)
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Fig. 1. Examples of solution class behaviours for the hypothetical LCOE model. The relationship of MMAEP to lifetime array cost is shown in (a) and the relationship of LCOE
to MMAEP is shown in (b). The dot-dashed line indicates the values prior to device interaction, the solid lines indicate alternative behaviours based on the value of 𝑛0.5, and the
ehaviour if no interactions were to occur is shown by the dashed line.
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here 𝑐0 are constant costs and 𝑐𝑥 is the additional cost per TEC. The
nnual costs, for year 𝑖, are given as
𝑖(𝑛𝑥) = 𝑐𝑒 + 𝑛𝑥𝑐𝑚, (4)

here 𝑐𝑚 is the maintenance cost per TEC and 𝑐𝑒 are any additional
ixed annual costs, such as for environmental monitoring. This formu-
ation requires that installation is instantaneous (i.e. it can be included
n Eq. (3)) and that maintenance of array level subsystems, such as the
xport cable, is negligible. Where no interactions are present between
ECs in the array, the MMAEP of the array (in watt-hours) is

(𝑛𝑥) = 𝐶cap𝑃rated𝑇𝑎𝑛𝑥 (5)

here 𝐶cap is the array capacity factor, 𝑃rated is the rated power of the
EC and 𝑇𝑎 is the number of hours in a year.

By design, costs are assumed invariant per year of operation of the
rray. In addition, by assuming that energy losses from downtime are
egligible, the array energy production can be treated similarly. For
onstant annual input, the net present cost function, given by Eq. (2),
an be treated as the sum of a finite geometric series. Letting 𝑑 =
1+𝑑)−1 and letting 𝑥 be the constant input for all years, Eq. (2) becomes

PC(𝑥) =
𝑛𝑡
∑

𝑖=1
𝑥𝑑𝑖 = 𝑥𝑑

(

1 − 𝑑𝑛𝑡

1 − 𝑑

)

.

ubsequently, by defining

𝑑 = 𝑑
(

1 − 𝑑𝑛𝑡

1 − 𝑑

)

,

the NPC for constant annual input is

NPC(𝑥) = 𝐶𝑑𝑥. (6)

An expression for the LCOE can now be derived by substituting
Eqs. (3), (4) and (5) into Eq. (1), utilising the constant NPC expression
given by Eq. (6). Collecting powers of 𝑛𝑥, this gives

LCOE =
𝑐𝑛𝑛𝑥 + 𝑐𝑓

𝐶𝑑𝐶cap𝑃rated𝑇𝑎𝑛𝑥
, 𝑛𝑥 < 𝑛0, (7)

where 𝑛0 is the number of TECs after which interactions begin to affect
energy production,3 𝑐𝑓 = 𝑐0 + 𝐶𝑑𝑐𝑒 and 𝑐𝑛 = 𝑐𝑥 + 𝐶𝑑𝑐𝑚.

When sufficient TECs are added to the array such that negative
interactions occur (𝑛𝑥 > 𝑛0), the total MMAEP of the array will

3 Although certain array orientations can generate positive hydrodynamic
nteractions between TECs, the interactions considered here are the net
egative energy loss from all TECS in an array.
4

reduce. To model this phenomenon, a multiplier (𝑔(𝑛𝑥)) is applied to
the undisturbed MMAEP of an array of size 𝑛𝑥, such that

𝐸(𝑛𝑥) = 𝑔(𝑛𝑥)𝐶cap𝑃rated𝑇𝑎𝑛𝑥,

where 𝑔 is a general reciprocal function given by

𝑔(𝑥) = 𝑎
𝑏 + 𝑥

,

ith constants 𝑎, 𝑏 to be determined. By continuity, 𝑔(𝑛0) = 1 and if the
alue of 𝑔 is assumed to halve after an additional 𝑛0.5 TECs are added
o the array,4 i.e. 𝑔(𝑛0 + 𝑛0.5) = 0.5, then

(𝑛𝑥) =
𝑛0.5

𝑛𝑥 + 𝑛0.5 − 𝑛0
.

Under the same assumptions as Eq. (7), the LCOE is now given as

COE =
𝑐𝑛𝑛2𝑥 + (𝑐𝑓 + 𝑐𝑛𝑛0.5 − 𝑐𝑛𝑛0)𝑛𝑥 + 𝑐𝑓 (𝑛0.5 − 𝑛0)

𝑛0.5𝐶𝑑𝐶cap𝑃rated𝑇𝑎𝑛𝑥
, 𝑛𝑥 ≥ 𝑛0. (8)

Physically, the 𝑛0.5 parameter controls the rate of energy lost to
hydrodynamic interactions as more TECs are added to an array. De-
pending on the value of 𝑛0.5, Eq. (8) exhibits three ‘classes’ of solution,
which represent different behaviours for MMAEP and LCOE as more
TECs are added to the array. These behaviours are classified as follows:

• For 𝑛0.5 <= 𝑛0, the array MMAEP reduces (or remains constant)
as more TECs are added and the LCOE increases.

• For 𝑛0.5 > 𝑛0, the array MMAEP increases as more TECs are added
while the LCOE also increases.

• Finally, for some 𝑛0.5 ≫ 𝑛0, the array MMAEP increases as
more TECs are added but the LCOE initially decreases to some
minimum before increasing.

In Fig. 1, these concepts are demonstrated by considering how a
solution from each class evolves for MMAEP with respect to lifetime
array costs (Fig. 1(a)) and LCOE with respect to MMAEP (Fig. 1(b)).
Initially, lifetime array costs increase with the number of TECs and
MMAEP increases proportionately (indicated by the dot-dashed line in
Fig. 1(a)) until more than 𝑛0 TECs are deployed (after which nega-
tive interactions occur). Subsequently, depending on the value of 𝑛0.5,
different behaviours are observed when additional TECs are added,
illustrated by the solid lines to the right of the vertical dashed line

4 Note that 𝑛0.5 does not set the number of TECs at which the MMAEP of the
array is halved relative to the MMAEP for 𝑛0 TECs. It describes the additional
number of TECs required for the MMAEP of all TECs in the array subject to
interaction (E(𝑛0 + 𝑛0.5)) to be half of the value if no interactions occurred for
the same number of TECs.
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Table 1
Ocean energy converter (OEC) array simulation scope and modelling assumptions for
the DTOcean software. Adapted from [23].

OEC types Fixed-design floating or bottom fixed wave or tidal
Mixed OEC type Single type per simulation
Maximum number of OECs 100
Maximum deployment depths 80 m for tidal, 200 m for wave
Sedimentary layers Single or multi-layered strata
Electrical network types Single substation, single export cable
Foundation types Gravity, piles, anchors, suction caissons, shallow
Mooring types Catenary or taut
Logistics Single port, one vessel per operation
Maintenance strategies Corrective, calendar- or condition-based
Decommissioning Not included

indicating the array costs at 𝑛0 TECs, in Fig. 1(a). The 𝑛0.5 = 0.5𝑛0
ine is an example of the 𝑛0.5 <= 𝑛0 class, defined by solutions where
MAEP reduces as lifetime costs increase (i.e. as more TECs are added,

he mechanical energy of the array must reduce). The 𝑛0.5 = 2𝑛0 and
0.5 = 15𝑛0 lines are examples of the 𝑛0.5 > 𝑛0 and 𝑛0.5 ≫ 𝑛0 solution
lasses, respectively. For both of these classes MMAEP increases with
ifetime array costs. These two classes are differentiated by examining
he relationship of LCOE to MMAEP as shown in Fig. 1(b). Similarly
o Fig. 1(a), the solution prior to TEC interactions is shown by the
ot-dashed line to the left of the vertical dashed line; the horizontal
ashed line indicates the LCOE value at 𝑛0 TECs. Here, the behaviour
f the 𝑛0.5 > 𝑛0 solutions are discerned from the 𝑛0.5 ≫ 𝑛0 solutions
y the LCOE response as the array MMAEP increases. As shown by the
0.5 = 2𝑛0 example line, the 𝑛0.5 > 𝑛0 class of solutions is identified
y increasing LCOE with additional MMAEP, while the 𝑛0.5 ≫ 𝑛0 class,
hown by the 𝑛0.5 = 15𝑛0 line, is identified by LCOE which reduces
o some minimum before increasing again. For the 𝑛0.5 <= 𝑛0 class,
llustrated by the 𝑛0.5 = 0.5𝑛0 example, LCOE increases with additional
ECs as MMAEP reduces or stays constant.

If the model described by Eqs. (7) and (8) correctly captures the
ey aggregate metrics of the optimally positioned arrays, then there
xists solutions (e.g. for 𝑛0.5 > 𝑛0 and 𝑛0.5 ≫ 𝑛0) where maximising the

MMAEP of an array does not lead to minimum LCOE, contrary to the
typical assumption otherwise. The remainder of this article is dedicated
to testing the validity of the proposed model.

2.3. Numerical method

To test the hypothetical model developed in the preceding sec-
tion, the techno-economic wave and tidal energy array modelling tool
‘DTOcean’ is applied. In the absence of real-world validation data,
DTOcean is appropriate for this purpose as it is free from the linear
cost assumption inherent to the hypothetical model. The scope and
assumptions of DTOcean are shown in Table 1. DTOcean was originally
designed for deployment of high TRL technologies, and so does not
consider the TEC design as part of the array model. The software
automates TEC array design using modules to represent the stages; the
purpose of each module is shown in Table 2. This section provides
an overview of the existing features that are pertinent to this work
(new features are detailed in the next section). For further details,
a comprehensive description of tidal hydrodynamics solver used by
DTOcean is available in [22], while the mechanics of the remaining
modules are described in [23].

DTOcean solves the interactions between TECs using a modification
of the ‘Jensen’ model [30], which superimposes wakes of upstream tur-
bines to calculate deficits at downstream turbines. DTOcean’s method
advances this concept by modelling the wakes using a detailed CFD
simulations of a non-dimensional reference turbine, and applying the
wakes along the streamlines of the flow, rather than perpendicular to
the rotor disc. To reduce simulation time, the tidal cycles are broken
down into a limited number of ‘representative velocity fields’ (RVFs),
5

where a flow field is associated with a probability of occurrence.
Table 2
Description of modules provided by the DTOcean software. Adapted from [23].

Name Purpose

Array Hydrodynamics Locate TECs and calculate their power generation

Electrical Sub-Systems Design an electrical network suited to the TEC and
export cable characteristics and calculate losses

Moorings and Foundations Design foundations and moorings (if appropriate)
subject to array requirements and extreme
conditions

Installation Simulate the installation of all requested design
phases

Maintenance Simulate the maintenance activity over the array
lifetime and record yearly costs and energy
production

If P(𝜔) (𝜔 = 1,… , 𝑛𝑠 where 𝑛𝑠 is the total number of RVFs) represent
the probability of occurrence of each RVF, then the array MMAEP is
given by

MMAEP =
𝑛𝑟
∑

𝑖
MMAEP𝑖 where

MMAEP𝑖 = 𝑇𝑎
𝑛𝑠
∑

𝜔
𝑃𝑖(𝜔)P(𝜔).

Here, 𝑛𝑟 is the number of rotors in the array, MMAEP𝑖 is the MMAEP (in
units of watt-hours) for TEC rotor 𝑖 and 𝑃𝑖(𝜔) is the power production
of rotor 𝑖 for velocity field 𝜔.

A metric which measures the interactions between TECs is also
useful when comparing simulations. The metric used herein, known as
the ‘q-factor’, measures the ratio of power production with and without
interactions. If the undisturbed power production for each rotor is given
by 𝑃 0

𝑖 , then

q𝑖 =
∑𝑛𝑠

𝜔 𝑃𝑖(𝜔)
∑𝑛𝑠

𝜔 𝑃 0
𝑖 (𝜔)

,

q =
∑𝑛𝑟

𝑖
∑𝑛𝑠

𝜔 𝑃𝑖(𝜔)
∑𝑛𝑟

𝑖
∑𝑛𝑠

𝜔 𝑃 0
𝑖 (𝜔)

,

where q𝑖 and q are the q-factors for rotor 𝑖 and the array, respectively.
The electrical network, moorings and foundations of the array

are designed by component, forming large networks to represent the
higher-level subsystems which can change dynamically depending on
the configuration of the array. This provides detailed estimates of the
costs and reliability of the high-level subsystems. Additionally, a power
flow model [31] is used to calculate the efficiency of the electrical
network. The logistics for the installation and maintenance phases are
modelled in the time-domain, providing realistic estimates for the cost
and duration of such operations, subject to environmental conditions.
Modelled random failures of the TEC and balance-of-plant subsystems
are combined with varying environmental conditions to provide a
novel statistical representation of downtime and maintenance costs.
As described in [23], the variability modelled in the costs and energy
production due to the array maintenance renders the LCOE a statistical
quantity, also.

DTOcean’s approach to solving the hydrodynamic interactions of
the TECs has advantages and disadvantages compared to other numer-
ical schemes. As noted in [22], although models based on the shallow
water equations, such as [16,19], provide an efficient means of simu-
lating large arrays of TECs, the predicted recovery of the TEC’s wakes
may not be accurate [32,33]. Alternatively, accurate wake evolution
can be modelled using CFD but at high computational cost [34]. By
combining a pre-computed CFD wake model with a fast superposition
method, the DTOcean approach is sufficiently rapid to allow inclusion
of detailed balance-of-plants models, while accurately predicting TEC
wake recovery. A disadvantage of the DTOcean approach is that the
undisturbed flow is not modified. Therefore, if an array large enough
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Fig. 2. XDSM diagram of the original DTOcean’s sequential optimisation process. See Fig. 3 for the full balance of plant stage (step 3) and Table 3 for examples of variables
transferred.
to affect the channel resource is simulated, the energy production
predicted by DTOcean would be overestimated. For this reason, the
arrays simulated herein are considered ‘small’ by the definition of [17].
In lower blockage scenarios the reference velocity fields that DTOcean
relies on will be less affected at the channel scale, which is corroborated
by the results of [19], for instance.

2.4. Optimisation

The original MDO architecture of DTOcean assumed that the num-
ber of TECs which maximised the MMAEP of an array also minimised
the LCOE. In order to examine the influence of the number of TECs
on the LCOE of the array, a new global MDO architecture is added
to DTOcean. (With this goal in mind, the reader may move onto
Section 2.5 without loss of understanding of the overall article.) This
section introduces the general optimisation problem, the original MDO
approach of DTOcean, and the updated architecture used within this
study.

Letting x refer to design variables and y to coupling and state
variables (i.e. outputs of analyses), following the nomenclature defined
by [11], Eq. (1) becomes

𝑓 (x,y) =
𝑐0(x) + NPC(𝐂(x,y(x,y)))

NPC(𝐄(x,y(x,y))) . (9)

Subsequently, the related optimisation problem can be stated as

minimise
x,y

𝑓 (x,y)

subject to c0(x,y) ≥ 0,
c𝑖(x0,x𝑖,y𝑖) ≥ 0,
(x0,x𝑖,y𝑗 ≠ y𝑖,y𝑖)= 0

(10)

where c are constraints and  refers to the residual form of each
discipline’s governing equations. The subscript ‘0’ implies functions or
variables shared by more than one discipline, and ‘𝑖’ or ‘𝑗’ refer to
functions or variables for a single discipline. Note, c0 and c𝑖 are a
generalisation of the true constraints of the problem, used here for
illustration.
6

Fig. 3. XDSM diagram of the balance-of-plant optimisation stages. See Table 3 for
examples of variables transferred.

2.4.1. Traditional MDO approach
The original architecture of the DTOcean tool follows a ‘traditional

MDO approach’ [12], where Eq. (10) is decomposed into a number of
smaller optimisation problems, divided along disciplinary lines, which
are solved sequentially. Figs. 2 and 3 show extended design structure
matrix (XDSM) diagrams of this architecture. As defined in [11], ‘com-
ponents’ in an XDSM diagram are laid out along the diagonal, which
consist of discipline analyses and functions (straight edged rectangles),
and ‘drivers’ which control process flow (rounded rectangles). Here,
the discipline analyses are split into the design components (in green)
and functions that provide metrics based on the calculated designs (in
red). Two types of drivers are shown, one to represent an optimisation
process (in blue) and another (in yellow) to show a basic iteration
(over index ‘k’). The brown chamfered rectangle indicates that the
components have been abbreviated, in this case for the balance-of-plant
calculations shown in Fig. 3. The data flow is shown as thick grey
lines, and components take data inputs from the vertical direction and
output data in the horizontal direction. The off-diagonal nodes in the
shape of parallelograms are used to label the data transferred between
components. External inputs are provided from the top and returned
as outputs to the left. Data with an asterisk superscript represents final
values. The thin black lines show the process flow and a numbering
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Table 3
Optimisation problem statements, per discipline, for the decomposed LCOE optimisation problem, as developed in the original DTOcean tool.
See also Figs. 2 and 3.

Discipline Problem statement Objective function Noteworthy variables

Hydrodynamics y∗
1 = max

x1
𝑓1(x1) Mechanical energy production Energy and TEC quantities and positions

Electrical Sub-Systems y∗
2 = min

x2
𝑓2(x∗

1 ,x2 ,y
∗
1 ) Cost per unit energy transmitted Components and transmission losses

Moorings and Foundations y∗
3 = min

x3
𝑓3(x∗

1 ,x
∗
2 ,x3) Cost Components

Installation y∗
4 = min

x5
𝑓4(x∗

1 ,x
∗
2 ,x

∗
3 ,x5 ,

y∗
2 ,y

∗
3)

Logistics costs (installation) Installation schedule and costs

Maintenance y∗
7 = min

x5
𝑓5(x∗

1 ,x
∗
2 ,x

∗
3 ,x5 ,

y∗
1 ,y

∗
2 ,y

∗
3 ,y

∗
4)

Logistics costs (operations) Lifetime energy and maintenance costs
Fig. 4. XDSM diagram of the novel global optimisation process, with significant changes to the original architecture shown by bold outlines. Observe the global optimisation block
(step 0) and the passing of the global optimisation variable, x0. Feedback of the LCOE to the global optimiser is shown by step 19. Also note the parameter t which controls the
accuracy of the solution generated by the maintenance module (in step 12). See Fig. 3 for the full balance of plant stage (step 2) and Table 3 for examples of variables transferred.
system is used to show the order in which the components are executed
(presented inside the nodes of the diagram followed by a colon). Loops
are denoted by 𝑖 → 𝑗, indicating that the algorithm must return to step 𝑗
until some condition is satisfied. The objective function of optimisation
drivers is shown, and the name of the discipline or function is provided
in the other component nodes.

The specific details of the drivers x1,…x5 and coupling variables
y1,… ,y7 are not included here for brevity, however a number of
noteworthy variables for each discipline are given in Table 3, which
also shows a summary of the individual problem statements. Note that
there is no feedback of coupling variables to disciplines executed earlier
in the process flow, which was a deliberate choice of the original DTO-
cean design, to reduce the difficulty of the interdisciplinary coupling
problem, and improve computational efficiency.

Under this architecture, and using the nomenclature defined in
Table 3, Eq. (9) becomes

y8 =
𝑐0(x∗

1 + x∗
2 + x∗

3) + NPC(𝐂(y∗
4 + y∗

7))
NPC(𝐄(y∗

7))
. (11)

where y8 is the LCOE. Eq. (11) in combination with Table 3 shows the
limitations of this architecture as an approximation to the optimisation
problem given by Eqs. (9) and (10). One issue is that the operations
and maintenance term, y∗

7 , appears on both the top and bottom of the
equation, and is also a function of all the other terms. Additionally,
7

both this term, and the term relating to installation, y∗
4 , are optimised

per logistics operation. Thus, the temporal element of the optimisation
problem, due to the NPC function, is ignored.

Another significant problem with the original DTOcean approach is
the effect of the hydrodynamics optimisation on Eq. (11). The objective
is to generate as much mechanical energy as possible, yet this may,
under certain circumstances such as in area-constrained arrays, only
add marginal gains to the y∗

7 in the denominator, while increasing the
value of all terms in the numerator. As noted in [35], this issue was
anticipated in the optimisation problem of the hydrodynamics module
and an arbitrary constraint on the q-factor was added to the problem
statement, ‘‘to prevent the array layout solution from overfilling’’. As
seen in the next subsection, the local optimisation within the hydro-
dynamics module is removed, eliminating the need for this additional
constraint.

2.4.2. Updated optimisation architecture
This work makes the first attempt to reformulate the DTOcean

optimisation approach as a contemporary MDO problem. To achieve
this, the optimisation problem for the hydrodynamics module, 𝑓1 is
removed, and a global optimisation loop is added as shown in Fig. 4.
Additionally, all of the x∗

1 terms in the remaining optimisation problems
in Table 3 are replaced by the global optimisation design variable, x .
0
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Fig. 5. The TEC position selection process. Following exclusion of invalid regions in the domain of 𝛺, due to bathymetric or other constraints, a parametric space (𝑡1 , 𝑡2) is fitted
to the minimum-area enclosing rectangle (𝛺∗) of the remaining, valid, area, as shown in (a). A regular grid of nodes, centred at 𝑝(𝑡1 , 𝑡2), is generated within 𝛺∗ with row spacing
𝛿𝑟 and column spacing 𝛿𝑐 , and rotated by 𝛩, as shown in (b) for 𝑝 = (0.6, 0.4). Finally, the 𝑛𝑥 nodes closest to 𝑝 that do not violate the constraints are chosen, with an array of
five nodes shown in (c).
Defining the new global objective function as

𝑓0 =
𝑐0(x0 + x∗

2 + x∗
3) + NPC(𝐂(y∗

4 + y∗
7))

NPC(𝐄(y∗
7))

,

the global optimisation problem is

minimise
x0

𝑓0 where x0 = (𝐱1,… , 𝐱𝑛𝑥 )

subject to #𝐱= 𝑛𝑥,
‖

‖

‖

𝐱𝑖 − 𝐱𝑗
‖

‖

‖

≥ 𝑟 𝑖 ≠ 𝑗 = 1, .., 𝑛𝑥,
𝐱𝑖∈ 𝛺𝑖 = 1,… , 𝑛𝑥,

𝑧− ≤ 𝑥𝑧≤ 𝑧+

(12)

where # represents cardinality, 𝑛𝑥 is the number of TECs, with positions
𝐱𝑖(𝑖 = 1,… , 𝑛𝑥), to be optimised, 𝛺 represents the deployment area for
the TECs, 𝑟 is the minimum spacing between TECs, and (𝑧−, 𝑧+) are the
limits on the vertical position of any TEC, 𝑥𝑧.

A number of other constraints exist within the local optimisation
problems governed by 𝑓2, 𝑓3, 𝑓4, 𝑓5, that may be violated by the TEC
positions selected through the optimisation of 𝑓0. These include the
inability to design a valid electrical infrastructure or the inability to
provide an adequate station keeping solution due to the local geology
about a particular TEC. For brevity, the mathematical description of all
the remaining constraints is omitted from this text; however, further in-
formation can be found in [23,36] or the DTOcean project deliverables
(available from [37]).

2.4.3. Numerical implementation
To generate a set of TEC positions, subject to the constraints listed

in Eq. (12), a process based on that of [35] is applied which selects
nodes from a parametrically defined ‘positioning’ grid placed atop the
computational domain, 𝛺, as illustrated by Fig. 5. The process improves
8

upon [35] by allowing TECs to be placed within the domain with fixed
spacing, centred at an arbitrary position. Previously, the TECs were
always evenly distributed across the domain, leading to very large
distances between TECs for small deployments. Within this work, no
grid skewing (allowing angles between the grid rows and columns
not equal to 90 degrees) is used, in order to reduce computational
complexity.

The TEC positioning process redefines the optimisation problem
given by Eq. (12) with respect to the variables 𝛿𝑟, 𝛿𝑐 , 𝛩, 𝑝1 and 𝑝2, where
𝛿𝑟 and 𝛿𝑐 are the positioning grid row and column spacing, respectively,
𝛩 is the grid rotation angle, and 𝑝1 and 𝑝2 are the coordinates of
the ‘central point’ within the parametric space (as defined in Fig. 5)
from which the nearest 𝑛𝑥 grid nodes provide the TEC positions, 𝐱.
For a given 𝑛𝑥, values of these variables are generated by the heuristic
UH-CMA-ES optimisation algorithm, described in Appendix A. The po-
sitioning algorithm automatically satisfies the minimum distance, area
and depth constraints in Eq. (12), but has the potential to invalidate the
cardinality constraint on 𝐱, due to insufficient valid nodes being avail-
able. Following [38], the solutions in any given iteration are resampled
until a population is found which does not violate any constraints. In
the event that resampling fails to produce a valid population, a penalty
value is returned for a new set of sampled solutions, calculated by

𝑓𝑝 = 𝑓max + ‖

‖

x − xfeasible‖‖

where 𝑓max is a user-provided value that should exceed the maximum
expected value of 𝑓0 and xfeasible is a feasible solution, chosen as the
current best solution on first invocation of the penalty function. A
maximum limit for the number of resample loops is set, sufficient to
generate the initial population samples.
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Fig. 6. Location of optimisation study deployment area within the Tacoma Narrows, in the U.S. state of Washington, relative to nearby medium and large cities.
Fig. 7. Bathymetry (a) and mean dynamic pressure (b) for the optimisation study deployment area.
2.5. Experiment

A verified DTOcean model of hypothetical TEC arrays in the Tacoma
Narrows, Washington, U.S.A, as developed in [22], is used as a baseline
to investigate the LCOE model derived in Section 2.2. The Tacoma
Narrows is an energetic tidally driven channel with maximum current
velocities of just over 3m s−1. The location of the deployment area
chosen for the optimisation study, relative to nearby infrastructure and
population centres, is shown in Fig. 6. The deployment area for the
optimisation study is a square domain, of 2 ha area, centred within
the Tacoma Narrows and aligned with the mean flow direction. The
bathymetry and mean dynamic pressure in the deployment area is
shown in Fig. 7.

The TEC used in the optimisation study is the ‘RM1 device’, defined
in [8, chap. 3]. The TEC has two rotors connected by a crossbeam, as
seen in Fig. 8. The RM1 device has a rated power of 1.1MW with two
rotors per TEC resulting in 550 kW per rotor. The power take-off was
designed with a cut-in velocity of 0.5m s−1 and a cut-out velocity of
3m s−1. The TEC’s performance curves are shown in Fig. 9. The RM1
device is not capable of yawing, but can operate bi-directionally. As
per [8], the RM1 device is serviced twice annually, using the deep water
‘Port of Everett’ as the base of operations.

Most parameters established for the arrays simulated within [22]
are reused here, including calibrations for the electrical network, foun-
dations, installation and maintenance operations. As such, the arrays
9

simulated as part of this study should be representative of those defined
in the RM1 reference model [8]. Noteworthy economic variables are the
discount rate, which is set to 0.113 and the fixed capital and annual
operational costs (referred to here as externalities) which amount to
e4.1 × 107 upfront capital costs and e1.81 × 106 operational costs per
annum. The operational lifetime of the array is twenty years.

For this study, the minimum distance between TECs is reduced
to one rotor diameter (𝐷) in the lateral and longitudinal directions
(from 4.5𝐷 and 18.75𝐷, respectively, as defined in [22]). Thus, the 2 ha
deployment area could theoretically support fourteen machines. Yet,
as all TECs share a single orientation (of the mean flow direction), it is
unlikely that fourteen TECs can be placed without impinging on each
other. To map the solution space, an optimisation study is conducted
for each 𝑛𝑥 = 2, 3,… until layouts can no longer be found within a
reasonable time limit.

For a given number of TECs (𝑛𝑥), the optimisation algorithm devel-
oped in Section 2.4 is applied to the chosen lateral and longitudinal
spacing (𝛿𝑐 and 𝛿𝑟), array centre point (𝑝1, and 𝑝2) and rotation (𝛩).
The median LCOE is used as the objective function and the algorithm
will terminate once the optimal solution has achieved an accuracy of
e1.0 × 10−3∕kWh (i.e. ±0.1¢∕kWh).
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Fig. 8. RM1 device schematic.
Source: Reproduced from [8,
22].

Fig. 9. Coefficients of power (𝐶𝑃 ) and thrust (𝐶𝑇 ), with respect to current velocity
magnitude, for the RM1 device rotors.
Source: Reproduced from [22].

Table 4
Initial guess for design variables per optimisation study. The square brackets in the 𝑛𝑥
column indicates a range. See nomenclature for variable definitions.
𝑛𝑥 𝛩 (◦) 𝛿𝑟 (m) 𝛿𝑐 (m) 𝑝1 𝑝2
[2, 3] 60. 25. 80. 0.5 0.5
4 0. 25. 80. 0.75 0.
[5, 8] 60. 25. 80. 0.5 0.5
9 30. 28. 67. 0.58 0.35
[10, 11] 60. 25. 80. 0.5 0.5
12 93. 24.5 53.5 0.326 0.362
13 60. 25. 80. 0.5 0.5

3. Results

The initial guesses for the design variables selected by the optimiser
are given in Table 4. In certain circumstances some restarts of the UH-
CMA-ES algorithm were required, if the algorithm failed to converge
entirely or converged far from the minimum value solution. For 𝑛𝑥 = 12,
the range of 𝛩 was restricted to [90, 95] degrees, in order to coerce
the algorithm to converge near the minimum value evaluated. An
optimisation study for a 14 TEC array was attempted, but insufficient
viable layouts were discovered within a reasonable timescale.

The computational requirements of each optimisation study are
10

shown in Table 5. The simulations were conducted using 4GHz, 4-core,
Table 5
Computational requirements for each optimisation study. ’Max resamples’ refers to the
maximum function evaluations required to complete the initial iterations, while the
number of iterations, number of function evaluations, CPU type, number of threads
used and wall-clock time required for convergence are also shown.
𝑛𝑥 max resamples iterations evaluations CPU threads time (h:m:s)

2 4 107 1189 i7-4790 6 9:50:52
3 11 149 1639 i7-4790 6 16:37:58
4 15 140 1488 i7-4790 6 15:49:44
5 35 134 1401 i7-4790 6 10:1:20
6 74 139 1482 i7-4790 6 25:25:13
7 136 126 1318 4750U 12 17:36:59
8 266 139 1482 4750U 12 25:24:21
9 661 136 1443 i7-4790 6 35:29:14
10 2488 129 1351 4750U 12 30:6:23
11 6402 77 769 i7-4790 6 29:56:0
12 83 571 127 1321 4750U 12 91:33:40
13 55 241 216 2297 i7-4790 6 146:43:28

Table 6
Median LCOE and solution values for the optimal layout for each optimisation study.
See the nomenclature for variable definitions.

𝑛𝑥 LCOE (e∕kWh) 𝛩 (◦) 𝛿𝑟(m) 𝛿𝑐 (m) 𝑝1 𝑝2
2 0.9313 33.97 137.75 46.55 0.8297 0.0028
3 0.6621 179.23 76.76 27.39 0.8052 0.0283
4 0.5349 35.05 37.76 65.40 0.8065 0.0115
5 0.4677 31.10 32.18 66.17 0.9826 0.0085
6 0.4402 73.77 53.57 63.56 0.9859 0.3295
7 0.4150 127.58 56.78 39.87 0.0435 0.0029
8 0.3863 118.88 75.48 27.38 0.9994 0.8543
9 0.3766 0.06 63.72 28.15 0.0559 0.8383

10 0.3558 26.18 25.98 62.56 0.4214 0.5727
11 0.3511 91.07 61.43 24.45 0.5373 0.5538
12 0.3453 92.42 24.80 56.20 0.3931 0.3505
13 0.4218 42.39 23.76 56.95 0.2953 0.9315

Intel i7-4790 and 4.1GHz, 8-core, AMD 4750U CPUs. The maximum
number of resamples that the optimiser required to find sufficient
feasible solutions increased with array size. This made the wall-clock
time of the early iterations extremely long for the larger array sizes;
however, the number of resamples needed by the algorithm dropped to
normal levels within a few iterations. The general trend was that more
time and iterations were required to solve the optimisation problem as
array sizes increased.

The optimal solution and function value for each optimisation study
is given in Table 6. It can be seen that an array of 12 TECs is found
to have the lowest median LCOE. The array layouts of the optimal
solutions for the 11, 12 and 13 TEC optimisation studies are shown in
Fig. 10. Note the tendency for the optimiser to choose arrays that are
staggered with respect to the oncoming flow and, also, the apparent
proximity of some of the rotors in the array, a phenomenon which is
discussed at greater length in Section 4.

A key assumption of the LCOE model presented in Section 2.2 was
that the array costs scale linearly with the number of TECs in the array,
as described by Eqs. (3) and (4). To verify this assumption, the cor-
relation of the number of TECs with capital expenditure (CAPEX) and
operational expenditure (OPEX) (excluding externalities) of the optimal
LCOE simulations per TEC was calculated using linear least-squares re-
gression, as shown in Fig. 11. For the CAPEX the correlation coefficient
was found to be 0.999978, the fit having a slope of e2.590 × 106∕nx and
an intercept of e4.109 × 106. For the OPEX, the correlation coefficient
was 0.999637, the fit having a slope of e1.756 × 106∕nx and an intercept
of e6.578 × 105. The correlation coefficients indicate that the linear
assumption is sound, although the non-zero intercept for the OPEX is
unexpected.

Fig. 12 plots the MMAEP versus lifetime array costs for all simula-
tions (across all optimisation studies). The curve connecting the values
for the optimal simulation at each number of TECs is shown, to allow
comparison to Fig. 1(a). As shown in Fig. 13, no interactions are present
for the optimal 2-TEC array layout and marginal interactions are seen
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Fig. 10. Pile and rotor positions for the optimal solutions of the 11, 12 and 13 TEC optimisation studies. The deployment area is marked by the dashed line and the arrow shows
the mean flow direction.
Fig. 11. Lifetime costs excluding externalities for the optimal LCOE layout of each
array size (𝑛𝑥). Capital costs are shown in a and operational costs in b.

for the optimal 3 TEC layout. Assuming the interactions of the optimal
3-TEC layout are negligible, an approximation to the theoretical non-
interaction solution can be projected (shown by the dotted line in
Fig. 12). Fig. 14 plots the LCOE versus MMAEP for all simulations
(across all optimisation studies). The curve connecting the values for
the simulations representing the optimal LCOE for each number of TECs
is shown, to allow comparison to Fig. 1(b). Fig. 14 shows that signifi-
cant economic benefit can be gained by allowing negative interaction
between TECs. Once again assuming that the interactions for 𝑛𝑥 = 3
re negligible, the optimal LCOE without interaction is e0.6621∕kWh,
hile the optimal with interaction is e0.3453∕kWh, a reduction of
7.8%.

Using the 3 TEC array as the last non-interacting value (𝑛0 = 3), the
esults can be compared to the hypothetical LCOE model. As additional
ECs are added (𝑛𝑥 > 𝑛0) the MMAEP increases with lifetime array
ost and the LCOE reduces as the MMAEP increases. This behaviour is
ndicative of the 𝑛0.5 ≫ 𝑛0 solution class, illustrated by the 𝑛0.5 = 15𝑛0
xample in Fig. 1. The behaviour changes for the optimal 13 TEC array,
ue to a significant increase in the interactions, as shown by Fig. 13.
ubsequently, the MMAEP reduces and the LCOE increases, relative to
he 12 TEC array. The change of behaviour means that the inflection
oint expected with the 𝑛0.5 ≫ 𝑛0 solution class was not reached and
he maximum MMAEP does correspond to the lowest LCOE. Thus, the
ypothetical model is only valid for 𝑛𝑥 < 13, for this case.

To further test the efficacy of the hypothetical LCOE model, param-
ters of Eqs. (7) and (8) which minimise the sum of squares error to the
TOcean results, for 𝑛𝑥 < 13, are sought. By definition 𝑃rated = 1.1MW
nd 𝐶 = 7.8096. From the simulation results, assume 𝑛 = 3 and,
11

𝑑 0
Fig. 12. MMAEP versus lifetime array costs for all simulations (across all optimisation
studies). The values for the optimal layout of each array size are shown by the labelled
dots on the solid line. The straight dotted line shows an approximate projection of the
results if array interaction were discarded.

Fig. 13. Array q-factor (q) for the optimal layout of each array size (𝑛𝑥).

using Eq. (5), 𝐶cap = 0.438. Combining the external CAPEX cost and
the intercept of Fig. 11(a) gives 𝑐0 = e4.511 × 107, while the slope of
Fig. 11(a) gives 𝑐𝑥 = e2.590 × 106. From the slope of Fig. 11(b), 𝑐𝑚 =
e8.781 × 104. To determine the remaining parameters of 𝑐𝑒 and 𝑛0.5,
an ‘Orthogonal Distance Regression’ [39,40] is applied. With residual
variance of 0.05915, the resulting values were 𝑐𝑒 = e1.403 × 106 and

𝑛0.5 = 20.91. The value for 𝑐𝑒 is less than the input external OPEX of
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Fig. 14. LCOE versus MMAEP for all simulations (across all optimisation studies). The
values for the optimal layout of each array size are shown by the labelled dots on the
solid line.

Fig. 15. Comparison of DTOcean results with calibrated LCOE model. LCOE is shown
on the left hand axis, relative error on the right.

e1.81 × 106 by approximately 22.5%; some of this error may be related
to the unexplained additional OPEX seen in the DTOcean results.
Comparison of the calibrated model with the DTOcean results is shown
in Fig. 15, including the relative error for each 𝑛𝑥. Overall, the model

ould appear to represent the DTOcean data well, for 𝑛𝑥 < 13.

. Discussion

The results of the preceding section demonstrate that the hypotheti-
al LCOE model is valid for small tidal energy arrays, provided that the
ate of change in interactions between TECs is consistent. Nonetheless,
t is highly unlikely the model provides a true reflection of optimal
COE, even when discounting the significant uncertainties inherent in
he modelling process. Under such strong negative interaction, it is
easonable to assume that the TECs will be less reliable and require
dditional maintenance which will lead to increasing costs. A clear
eakness in the LCOE model, and DTOcean, is that this relationship
f cost to different levels of TEC interaction is not captured.

Developing a relationship between interactions and maintenance
osts is complex. In the absence of this information, the hypothetical
odel can be applied to indicate the margin of investment available to

chieve the same reliability as the baseline case while still returning
enefits. Fig. 16 shows the hypothetical model for three levels of TEC
nvestment, indicated by a multiplier to the capital costs per TEC, 𝑐𝑥.
ompared to the business-as-usual value (1 𝑐𝑥), the capital costs per TEC
an be multiplied by a factor of 3.825 to reach parity with the LCOE of
he best non-interacting array (shown by the dashed horizontal line).
12
Fig. 16. Calibrated LCOE model with increasing costs per TEC (𝑐𝑥) for 𝑛𝑥 ∈ [2, 12]. The
markers indicate discrete numbers of TECs and the dashed line indicates the lowest
LCOE array without interactions (at 𝑛𝑥 = 3).

In this case, there is no improvement in economic efficiency, but the
annual energy production has increased by 178%. If the capital cost
factor was 2.4, the same gain in energy production could be achieved,
alongside half the economic gains over the baseline case. This amounts
to a 24.1% reduction in LCOE over the most economic non-interacting
array.

These results represent a radical shift in understanding of the eco-
nomic impact of interactions between TECs, for small area-constrained
arrays. For instance, the techno-economic model of [27] considered
interactions between an array of 10 TECs, in a fixed orientation, and
reported that ‘‘interactions play a decisive role in the cost of energy,
which experiences increases of more than the 20%. Thus, tidal stream
farms should be designed so as to attenuate the aforementioned effects,
if the cost is to be minimised’’. In contrast, the theory developed herein
indicates that by optimising TEC positions and using the available
deployment area more efficiently (to include more TECs), interactions
can lead to positive economic outcomes, subject to an appropriate level
of investment.

The true margin of investment is strongly tied to the hypothetical
model parameters, which is highly dependent on the DTOcean results.
The results of this study indicate that the DTOcean hydrodynamic sim-
ulation requires further development and testing. For instance, Fig. 13
shows that the q-factor of the array increases gradually as the number
of TECs increase, until the 13 TEC array when it decreases suddenly.
Yet, the optimal layouts for 11, 12 and 13 TECs do not seem to differ
significantly, as shown in Fig. 10. Observing this figure, the most likely
cause for this sudden shift is that the hydrodynamic model does not
consider the interaction of the flow with the full width of the rotors (see
[22]). Thus, if the centre of a rotor is outside the wake of an upstream
rotor, the proportion of the downstream rotor remaining in the wake
will have no impact on its performance. The issue is exacerbated by
the lack of a wake model for the turbine towers. Including the velocity
at the horizontal extremes of the rotors in the power calculations
and including a wake model for the turbine towers, may lead to a
more consistent rate of TEC interaction, although this will inevitably
increase the computational requirements of the solver. Exploring the
response surface of the objective function nearby the jump in q-factor,
using hypersurface visualisation [41], may help identify the dominant
phenomena.

Although the channel blockage of the arrays simulated in this study
remain below the scale given by [17] at which TEC arrays become
‘‘large’’, an assessment of the channel dynamics to ensure that a closely
packed array does not significantly alter the underlying flow (which
is not calculated by DTOcean) is also critical. The method of [19]
offers a potential approach to examining this problem, although further
development is required to ensure accurate representation of near wake
interactions. Other important environmental impacts of compact array
designs must also be evaluated, such as the effect on flora and fauna,

sediment transport and scour.
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The short row spacing in the optimal arrays revealed an interesting
phenomenon, where the interactions between the TECs was less sig-
nificant at higher flow velocities. This is because the flow disturbance
caused by the upstream rotors is dependent on the thrust coefficient of
the TEC (shown by Fig. 9), which is low at maximum flow velocity. It is
important to establish whether this effect is real and exploitable or sim-
ply an artefact of the modelling assumptions. Some progress towards
this goal has been made in [42], but comparisons using distances as
small as modelled in this study were not considered. Clearly, the effects
on reliability of such close proximity rotors also needs to be accounted
for. In particular, where the rotor of one TEC is partially in the wake
of another rotor, additional cyclic loads will be induced. Incorporating
the impact of such effects on TEC reliability was demonstrated in [43],
which used 3D CFD simulation to calculate cyclic loads on the rotor
disc and equate those loads to the TEC maintenance interval.

In Fig. 14, the array with highest MMAEP corresponds to the
lowest LCOE. This is a useful result for future optimisation of the
array considered in this study, as it allows the position of the TECs
to be fixed for highest MMAEP and the hydrodynamics need not be
recalculated for the remainder of the optimisation process. This is a
special case, nonetheless, and, as seen in Fig. 1(b), there are solutions
where this assumption may not hold. For constrained deployment areas
it is important to establish how the LCOE varies with MMAEP before
deciding if optimising the TEC positioning as a separate stage is viable.

The hypothetical arrays considered as the basis for this work contain
a limited set of phenomena that can affect the design of a TEC array. In
particular, increasing scales of array will result in different phenomena
becoming dominant. As shown in [44,45], large arrays can affect the
channel dynamics such that LCOE can begin to increase as more TECs
are added, without any interactions between them. Additionally, the
assumption that costs increase proportionally to array size is likely to be
invalid, as installation costs and OPEX have greater influence in larger
arrays.

As previously stated, the DTOcean methodology cannot modify the
undisturbed flows which are used in the hydrodynamic calculations. To
capture these effects, the channel and regional water masses must be
modelled in unison with the TECs; however, such simulations suffer
high computational cost, particularly when part of an optimisation
process that must accurately capture the interactions between TECs, as
the DTOcean method seeks to do. An approach to address this computa-
tional burden was demonstrated by [16], which applied gradient-based
optimisation and the adjoint approach to optimise many turbines with
realistic flow models. This method is not appropriate for the complex
balance-of-plant calculations contained in DTOcean, as the modelled
technical choices (such as component selection) may not exhibit a
smooth response. Where noisy cost functions (i.e. variable LCOE) are
explicitly handled by the UH-CMA-ES method applied in this study,
the ability of the approach in [16] to handle such cost functions is
also unclear. In [19] surrogate based optimisation is used to reduce
the number of simulations required to model a TEC array in a complex
channel (including the effects of sediment transport). In this case,
the authors noted that the method scales poorly as ‘‘the number of
numerical simulations needed to build the surrogates increases pro-
portionally with the number of design variables defined’’, which is
not the case for the UH-CMA-ES method. More advanced surrogate
modelling techniques, such as [46], may overcome these deficiencies
and (assuming applicability to mixed-integer problems with noisy, non-
smooth cost functions) allow optimisation of large TEC arrays, with
accurate interactions, and detailed balance-of-plant modelling.

Another important factor for increasing confidence in the predic-
tions of techno-economic models like DTOcean is quantification of
uncertainty. Beyond the previously addressed modelling uncertainties,
considerable uncertainty is associated with the input data. Sensitivity
analysis is a proven method for quantifying uncertainty, for exam-
ple [47] demonstrated application of the ‘Morris’ method [48] to
13
offshore wind farm operation and maintenance cost and availability. Al-
ternatively, uncertainty can be addressed directly within the modelling
process by treating input parameters as statistical quantities [49] which
are propagated through the model to provide uncertainty bounds on the
outputs; establishing meaningful distributions for the inputs remains,
nonetheless, somewhat challenging.

5. Conclusion

Modelling the interactions between the technical design and eco-
nomic performance of an array of tidal energy converters (TECs) results
in a complex multidisciplinary design optimisation (MDO) problem.
A typical assumption, used to reduce the complexity of this problem,
is that TECs positioned to minimise negative hydrodynamic interac-
tions will maximise economic return. To examine the validity of this
assumption for small area-constrained TEC arrays, a hypothetical an-
alytical model for the relationship of mean mechanical annual energy
production (MMAEP) to levelised cost of energy (LCOE) was developed,
in Section 2.2. The model assumes that the lifetime array costs scale
linearly with the number of TECs, while also capturing the effect
of TEC interactions on the energy production. It was found that the
model exhibits three alternative behaviours, dependent on the rate of
change of energy lost to TEC interactions; only one of these behaviours
showed minimum LCOE to occur at maximum MMAEP, another typical
assumption in techno-economic modelling of TEC arrays.

In order to test the veracity of the LCOE model and the assumptions
it depends upon, the contemporary techno-economic ocean energy
array optimisation tool ‘DTOcean’ was modified to allow direct op-
timisation of TEC positions subject to minimising the LCOE of the
array. As described in Section 2.4, a new optimisation architecture
was developed for DTOcean alongside a new method for locating the
TECs within the array deployment area. This method allows TECs
to be concentrated in certain parts of the deployment area, rather
than be spread across the entire domain, as was the case previously.
In Section 2.5, an experiment was devised to test the hypothetical
model, applying a previously verified DTOcean TEC array simulation.
An optimisation was conducted for every feasible array size within a
2 ha deployment area to map the optimal LCOE and associated costs
and MMAEP.

It was shown in Section 3 that the results of the DTOcean simu-
lations emulated the hypothetical LCOE model behaviour where the
LCOE reduces to a minimum, for some level of MMAEP, and then
increases again. The results were consistent until the array size reached
13 TECs at which point a sharp increase in the rate of interaction
between TECs occurred, resulting in MMAEP reducing and the LCOE
increasing. Consequently, the expected inflection point in the model
was not reached and the maximum MMAEP did lead to minimum LCOE,
in this case. Within the valid range of [2, 12] TECs, the hypothetical
LCOE model was calibrated to the DTOcean results for the optimal
arrays, using an orthogonal distance regression to estimate two un-
known parameters. It was shown that the calibrated model matched
expectations well, over this range.

As discussed in Section 4, the hypothetical LCOE model is unlikely
to match reality, as the impact on costs of strong negative interactions
between TECs is not considered. Still, further investigation into the
phenomena of compact arrays is warranted, as shown by Fig. 16, which
estimates the margin of investment available to match the reliability
of a non-interacting TEC while still providing benefits. For the present
study, an increase in annual energy production of 178% and reduction
in LCOE of 24.1% from the best non-interacting array was possible
with an 140% increase in per TEC capital expenditure. Nonetheless,
the true value of the available investment margin is strongly affected
by uncertainties in the DTOcean tidal hydrodynamics solver. Issues
include not considering the interaction of the flow with the full width
of the turbine rotors, the lack of wake model for the TEC towers, the
unknown accuracy of the model for close proximity interactions, and
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understanding any change in the underlying channel hydrodynamics
for such compact arrays.

This study indicates that small, area constrained, arrays that are
subject to negative hydrodynamic interactions can lead to economic ben-
fits, dependent on the level of investment required to ensure that TECs
emain reliable. Although the uncertainties surrounding the hydrody-
amic modelling transfer to the estimate of the available investment
argin, these uncertainties can be easily reduced using well understood
ethods. The missing link is the three-way relationship between the en-

ironment, TEC reliability and costs. Without this knowledge, the true
evel of investment required to achieve a certain level of reliability re-
ains unknown. TEC developers may well be willing to invest more in
EC designs (or maintenance programs) given the potential economic
enefits, but the costs of understanding how much investment might
e required, for a particular level of TEC interaction, would quickly
ullify any gains. Thus, the onus must fall on the research community
o determine the true relationship between environment, reliability
nd costs. If successful, the impact could be a significant increase in
he economically extractable resource of small area-constrained tidal
nergy sites.
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Appendix A. Optimisation under uncertainty

Following [35], the covariance matrix adaptation evolution strategy
(CMA-ES) [38] is employed to solve Eq. (12). A heuristic method is
preferable over a gradient based solver to avoid local minima [13] and
discontinuities in the LCOE, particularly considering the discrete set of
components and equipment that are available to the design modules.
Nonetheless, gradient based methods can be significantly more efficient
than heuristic methods for MDO optimisation problems, and further
work should attempt to update the DTOcean architecture to allow them
to be applied; in [35], CMA-ES was found to be the most efficient of
14

the heuristic algorithms tested.
LCOE, as calculated by DTOcean, is subject to variability [23],
which can impede the convergence of optimisers without specific treat-
ment. In [50] an extension to the CMA-ES algorithm, known as UH-
CMA-ES, added an uncertainly handling framework. It was shown that
a metric for uncertainty in the function values (under some statistical
measure) of an iteration of the CMA-ES algorithm could be calculated
by perturbating a subset of the solutions and examining the changes of
rank between the function values of the perturbated and unperturbated
solutions. A positive value of the uncertainty metric indicates that
uncertainty is affecting the function values.

Where uncertainty is present in the function values of an itera-
tion, [50] suggests two mitigation strategies. These are increasing the
population variance (𝜎) of the solution search space and increasing
the number of function evaluations (t) of the stochastic cost function,
by factors of 𝛼𝜎 and 𝛼t, respectively. Increasing t will, naturally,
increase the accuracy of the statistical measure used to produce the
function values, and therefore it can be increased until a desired level
of accuracy is found. In DTOcean, the operations and maintenance
module is responsible for all stochasticity in the LCOE and, thus, t is
applied to the number of operational histories (see [23]) generated by
the module, as shown in Fig. 4. A maximum limit on t, tmax, may be set
to avoid excessive computational time, yet this must be balanced with
the desired solution accuracy. Also, given only one function evaluation
may be required in the early stages of the algorithm, the median value
is preferred as the statistical measure of LCOE.

In [50], UH-CMA-ES was applied to active control of instabilities in
gas-turbine combustors, which is an on-line problem, meaning a final,
converged, solution is not sought. To this end, 𝛼𝜎 and 𝛼t were chosen to
discourage convergence. For DTOcean, a converged solution is sought.
One possibility to achieve this is to set 𝛼𝜎 = 1 (i.e. remove its influence
entirely), yet this would increase the risk of premature convergence.
After experiment, compromise settings were found, as follows:

𝛼𝜎 =

{

1 + (n + 10)−1 t < tmax

1 otherwise

𝛼t = 1 + 2(n + 10)−1

where n is the number of search space dimensions. Note, these settings
were derived from the default settings of the implementation of UH-
CMA-ES used in this study, ‘pycma’ [51]. Additional modifications
were made to improve the computational efficiency of UH-CMA-ES, as
detailed in Appendix B.

Appendix B. UH-CMA-ES in parallel

Within this study, a modification to the UH-CMA-ES algorithm
in [50] was applied to increase its computational efficiency. In the algo-
rithm’s original form, a subset of the solutions of each CMA-ES iteration
are resampled and evaluated prior to commencement of the next iter-
ation to calculate the uncertainty metric. This approach is appropriate
for serial computation, but when utilising parallel processing (under
the assumption of unlimited CPU cores), an additional processing step is
needed that will not fully utilise the available computational hardware.
To remedy this issue, a simple moving average model is used to predict
the uncertainty metric. If s𝑖 is the unknown uncertainly metric for the
𝑖-th CMA-ES iteration, then

s𝑖 =
s𝑖−1 + s𝑖−2 + s𝑖−3

3
.

The simulations required to calculate the uncertainly metric of the
previous iteration, s𝑖−1, are included with the simulations of the 𝑖-th
CMA-ES iteration. Thus, only a single group of simulations is processed
(in parallel) per iteration. The savings in computational time with the
method are significant and, although the accuracy of the uncertainly
metric is reduced, the effectiveness of the UH-CMA-ES algorithm was
not compromised.
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