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• First global cost-optimal wind-wave-solar offshore assessment

• Hybrid parks lower LCOE in moderate, complementarity regions

• Weak negative correlations reduce LCOE

• Co-location drivers remain robust under varying cost conditions

• Curtailment optimization improves shared infrastructure economics
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A B S T R A C T

The large-scale deployment of renewable energy at sea offers an opportunity to combine complementary resources 

within shared offshore infrastructure. While co-location of wind, wave, and solar energy has been proposed 

as a means to reduce variability and costs, the global conditions under which hybrid offshore power parks 

are economically preferable remain poorly understood. This study performs a global, temporally high-resolved, 

techno-economic assessment of offshore wind, wave, and floating solar power, both as stand-alone and co-located 

systems. Using hourly ERA5 reanalysis data for the period 2020–2024, energy generation from each technology 

is modelled, and the levelized cost of energy (LCOE) for hybrid parks is minimized subject to shared grid in­

frastructure and curtailment. The optimization is performed for two cost scenarios representing present-day and 

near-future capital expenditure levels. Results show that LCOE ranges from 0.04–0.16 €/kWh under present-day 

conditions and 0.02–0.09 €/kWh under near-future scenarios. Co-location is rarely cost-optimal in regions with 

excellent single-resource conditions, but can yield lower LCOE than single-technology deployment in locations 

with moderate and complementary resources. Negative correlations between hourly energy profiles, even when 

weak (−0.3 to −0.2), are shown to systematically reduce LCOE in mixed systems. While the optimal technology 

mix is sensitive to assumed cost levels, the underlying drivers (solar capacity factor, resource availability and 

intersource correlation) for co-location remain robust. These findings provide a global perspective on where and 

why hybrid offshore energy systems can contribute to a cost-efficient and resilient future energy supply.

1 . Introduction

Offshore renewable energy is expected to play a central role in the 

transition to a low-carbon energy system [1]. This transition is pri­

marily driven by the urgent need to reduce CO2 emissions associated 

with fossil fuel-based energy generation [2]. Onshore renewable energy

installations often face public opposition, particularly as land becomes 

increasingly contested in many regions. Offshore installations, how­

ever, face less public opposition, partly due to the lesser visual impact 

compared to onshore installations [3]. Renewable energy technologies 

such as wind and photovoltaic (PV) generation are also associated 

with a range of social and environmental impacts. These include land 

use, material extraction, ecosystem disturbances, and end-of-life waste 
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\begin {equation}\label {eq:hubheight} V_{hh} = V_{ref} {\left ( \frac {Z_{hh}}{Z_{ref}} \right )}^\alpha ,\end {equation}
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\begin {equation}\label {eq:powercurve} P_{st}(V) = \begin {cases} P_{rated}, & V_{rated} \leq V_{hh} \leq V_{cut\text {-}out} \\[6pt] P_{rated} {\left ( \dfrac {V_{hh} - V_{cut\text {-}in}}{V_{rated} - V_{cut\text {-}in}} \right )}^3, & V_{cut\text {-}in} < V_{hh} < V_{rated} \\[10pt] 0, & V_{hh} \leq V_{cut\text {-}in} \ \text {or} \ V_{hh} > V_{cut\text {-}out} \end {cases}\end {equation}
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\begin {equation}P_{mt}(V) = \int _{V-5}^{V+5}f(x|V,\sigma _V^2)P_{st}(x)dx, \label {eq:multiturbine}\end {equation}
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\begin {align}\label {eq:lcoe} LCOE = \frac {I_0 + \sum _{t=1}^N\frac {A_t}{{(1+r)}^t}}{\sum _{t=1}^N\frac {E_t}{{(1+r)}^t}},\end {align}
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\begin {equation}\label {eq:lcoeann} LCOE=\frac {C_{ann}}{AEP},\end {equation}
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\begin {equation}\label {eq:cannual} C_{ann}=\text {CapEx}\cdot CRF+\text {OpEx}_{annual}.\end {equation}
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\begin {equation}\label {eq:crf} CRF(r,N)=\frac {r{(1+r)}^N}{{(1+r)}^N-1},\end {equation}
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\begin {equation}\label {eq:lcoehybrid} LCOE_{hybrid}=\frac {\alpha C_{solar}+\beta C_{wind} + \gamma C_{wave} +cC_{shared}}{\alpha E_{solar} + \beta E_{wind} + \gamma E_{wave} - E_{curtail}}\end {equation}
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\begin {equation}\begin {aligned} \min _{\alpha ,\beta ,\gamma ,c} \quad & \text {LCOE}_{\text {hybrid}}(\alpha ,\beta ,\gamma ,c) \\ \text {s.t.} \quad & 0 \leq \alpha \leq 1, \\ & 0 \leq \beta \leq 1, \\ & 0 \leq \gamma \leq 1, \\ & 0.3 \leq c \leq 1, \\ & \alpha + \beta + \gamma = 1. \end {aligned} \label {eq:optimization}\end {equation}
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\begin {equation}\label {eq:pveff} \eta = \eta _{STC}\left (1-\beta \left (T_a-T_{STC}+\left (T_{N}-T_a\right )\frac {I_T}{I_{T,N}} \right )\right ),\end {equation}
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management [4], which differ between offshore and onshore installa­

tions. In addition to these aspects, differences between onshore and off­

shore deployment are also driven by variations in wind resource quality, 

which is generally more abundant and stable over large oceans [5], as 

well as grid integration challenges related to transmission infrastructure 

and system balancing [6].

Driven by increasing concerns about climate change, the global re­

newable energy market has experienced rapid growth in recent years. 

According to recent reports, total installed renewable capacity reached 

approximately 4.4 TW by 2024, with solar PV contributing around 

2.1 TW and wind energy exceeding 1 TW [7]. The current global in­

stalled capacity of offshore wind is approximately 83 GW, with an 

additional 48 GW under construction. Offshore wind power has already 

reached commercial maturity in several regions, with installed capacity 

expanding rapidly in Europe, East Asia, and North America. In con­

trast, emerging technologies such as wave energy converters (WECs) 

and floating PV systems remain at earlier stages of development but 

are progressing quickly in terms of both technology and deployment 

pathways [8]. Under high-ambition scenarios, the installed capacity of 

offshore wind is projected to increase to 500–1,600 GW by 2030, and 

2000 GW by 2050 [1]. Reaching these targets would imply yearly instal­

lations of approximately 100 GW, which raises concerns about whether 

global supply chains can meet the requirements [9]. Globally, the cumu­

lative installations of wave power reached only 30 MW by 2024 [10], but 

are projected to reach hundreds of GW by 2050 [11]. Floating PV is an 

emerging technology, where installations on calm waters are more ma­

ture than offshore floating PV (OFPV). For example, the Cirata floating 

PV plant in Indonesia has 192 MW PV installed on a hydropower reser­

voir [12]. In China, 166,000 panels have been installed on floaters on an 

artificial lake created during mining [13]. Offshore floating PV (OFPV) 

installations, however, are currently mostly performed as demonstration 

installations, but projections indicate that global cumulative installa­

tions can reach 10 GW already by 2030 [14]. It is worth noting that 

projections of future levels of installed capacities are highly uncer­

tain and depend on factors such as market development and policy 

incentives.

While traditional offshore renewable development has largely fo­

cused on single technologies, the rapid scaling of offshore energy 

intensifies competition for marine space, grid connections, and port and 

installation infrastructure. As these constraints continue to grow with 

future large-scale installations, the concept of co-locating multiple re­

newable energy technologies in the same offshore area, thus creating 

so-called hybrid or multi-source parks, has gained increasing academic 

and policy attention [15].

Co-located or hybrid offshore energy parks refer to integrated sys­

tems where two or more renewable technologies (e.g., wind, wave, 

floating solar) are deployed within a shared offshore area and connected 

to common infrastructure, such as export cables, substations, and share 

maintenance logistics. This contrasts with traditional single-source parks 

that operate independently. Such hybridization can occur at multiple 

scales, from colocating wave converters within a wind farm’s rotor spac­

ing [15] to embedding floating PV between wind turbines, and may 

include shared grid connections and operations [16].

Co-located or hybrid offshore energy parks offer several potential 

advantages. As the offshore area is used more efficiently with different 

types of energy converters, the extracted energy per used area can be 

higher compared to using only one type of energy source. A recent de­

tailed case study investigated the effects of installing OFPV between the 

unused marine space in between existing wind turbines, and found that 

the coefficient of variation (CoV) decreased by 20.8%, in addition to 

the increased energy density for the marine space [16]. A study of the 

Dutch part of the North Sea showed that the energy density could be in­

creased by roughly 22% [15] when co-locating wave power, wind power 

and OFPV. By combining complementary energy sources, the energy 

variability in various time scales can also be reduced. Recent long-term 

analyses of wind-solar complementarity, spanning several decades, show 

that strong complementarity occurs in regions of Northern Europe, India, 

Brazil, and the North Atlantic [17]. In addition, large-scale assessments 

of marine wind-solar complementarity demonstrate that optimized ca­

pacity mixes can reduce power output fluctuations (defined as CoV), 

with extreme fluctuation events occurring less than 10% of the time in 

certain regions [18]. At the system level, co-locating offshore wind and 

floating PV can reduce the power variability by 63% [19]. It has also 

been shown that the capacity credit, or de-rating factor, of a combined 

wave and wind power farm exceeds that of a stand-alone wind farm [20], 

even though the generation profiles of wind and wave power generally 

are moderate to highly positively correlated.

In addition to the possibility of increased generation reliability and 

energy density, co-locating energy sources also poses economic bene­

fits [15]. Shared infrastructure, such as grid connections, foundations, 

moorings, and maintenance logistics, can reduce capital and operational 

costs. Furthermore, combining energy sources with different temporal 

generation characteristics may reduce required transmission capacity 

compared to stand-alone parks [21]. In particular, wave energy is 

strongly correlated with wind energy but typically exhibits smoother 

temporal variability and a delayed response to wind forcing, while off­

shore PV can complement wind-dominated systems during low-wind, 

high-irradiance conditions [22].

Despite growing interest, most academic studies on offshore hy­

brid systems have focused on regional or technology-specific assess­

ments [23]. These often consider localized case studies or explore 

particular technology pairings (e.g., wind–wave or wind–PV) without 

systematically optimizing across global geographies, resource profiles, 

and techno-economic assumptions. Additionally, while complementar­

ity can reduce variability on average, the degree to which hybridization 

actually lowers LCOE depends on local resource patterns, grid integra­

tion costs, and the capital costs of each technology [24]. Wave energy, 

for instance, remains relatively immature and costly compared with 

wind, raising questions about whether its integration yields net eco­

nomic benefits except in specific contexts with strong wave resources. 

Even with future cost estimates, the cost of wave energy is likely higher 

than that of wind power [25].

Most existing studies on hybrid renewable energy parks focus on case 

studies [26] or limited spatial domains [27]. This makes it difficult to 

generalize results or derive robust global insights about where hybrid 

offshore parks are most advantageous in which aspect. A small number 

of studies have conducted global-scale economic analyses; for example, 

a recent global assessment of wind–solar hybrid power systems found 

that the highest profitability occurs in locations with an exceptional 

resource for a single technology, although co-location still provides ben­

efits in other respects [28]. However, to the authors’ knowledge, no 

study has performed a global assessment of cost-optimal co-location that 

simultaneously accounts for spatially varying resource profiles, curtail­

ment effects, shared offshore infrastructure costs, and combined offshore 

wind, wave, and floating PV technologies. In particular, the global 

economics of co-located wind, wave, and solar parks, and how their 

benefits may change under different cost scenarios, including future cost 

reductions for wave and floating PV technologies, remain unexplored.

A clear gap exists in understanding whether co-location of offshore 

wind, wave, and OFPV can systematically reduce costs on a global 

scale when key system interactions are considered, and what drives 

the potential cost reduction. This study aims to fill these gaps by 

conducting a global optimization of offshore hybrid power parks com­

posed of wind, wave, and floating PV technologies. Using consistent 

techno-economic assumptions and common meteorological reanalysis 

data, locations where co-location minimizes LCOE relative to single-

technology deployment are identified. Two cost scenarios are evaluated 

to represent present-day and near-future conditions, enabling an assess­

ment of the robustness of co-location benefits under technology learning 

and cost reductions. This paper provides the first global, cost-optimal 

assessment of offshore hybrid wind–wave–solar parks in which shared 

infrastructure and curtailment are explicitly represented.
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Fig. 1. Flowchart of the whole method.

The rest of this paper is structured as follows: Section 2 describes 

the methodology and all underlying data. Section 3 presents the re­

sults of the global optimization. Section 4 discusses the implications and 

limitations of the findings. Finally, Section 5 concludes the paper.

2 . Method

The overall method of the study is illustrated in Fig. 1. First, meteoro­

logical reanalysis data from ERA5 is used to model electricity generation 

from offshore wind, wave and OFPV. Using techno-economic parame­

ters, the LCOE is minimized for each spatial grid cell. The results of 

the optimization, and the original power profile, are used to generate 

the power profile of hybrid power parks with minimal LCOE. In the 

following section, each step is described in detail.

2.1 . Energy converter modeling

In this section, the modeling of wave power, wind power, and 

floating PV is described.

2.1.1 . Wave power

Wave energy conversion is estimated using a power matrix that links 

the significant wave height, 𝐻𝑠, and peak wave period, 𝑇𝑝, to the gener­

ated electrical power as depicted in Fig. 2. In this study, the employed 

wave energy converter (WEC) technology is the point-absorber designed 

by CorPower Ocean [29]. Under typical sea states, the system is ac­

tively controlled so that its motion resonates with the incoming waves, 

whereas in extreme conditions it is deliberately detuned to reduce hydro­

dynamic loads and increase survivability [29]. Each WEC has a nominal 

capacity of 400 kW. Multiple units are intended to be deployed together 

in arrays, where total output scales approximately linearly with the num­

ber of converters. This is achievable because wake interactions and farm 

effects can be kept minimal by limiting the number of rows in the array 

and ensuring sufficient spacing between devices [30].

The influence of wind turbine structures on wave energy extraction 

has not been included in the energy assessment. Such interaction de­

pends on the spatial configuration of the hybrid park, device spacing, 

and foundation type. For example, WECs deployed along the periph­

ery of a wind farm are expected to experience negligible interference, 

whereas devices located within the farm may be affected by wave scat­

tering [31]. Given this configuration-specific variability and the absence 

of a standardized layout, the effects of wind turbine structures on the 

WECs are neglected, as their inclusion would require a detailed, site- and 

layout-specific hydrodynamic analysis beyond the scope of this study.

2.1.2 . Photovoltaics

Power generation from OFPV is determined by the solar irradiance, 

panel orientation, and the cell temperature. The energy conversion cor­

responds to conventional land-based PV installations, but the modules 

Fig. 2. Power matrix of the CorPower WEC. Recreated from [32].

Table 1 

Wave-induced losses (WIL) 

for various significant wave 

heights, 𝐻𝑠 [34].

𝐻𝑠 WIL

0.25 m 3.3%

0.5 m 5.3%

1 m 6.8%

3 m 6.5%

are instead mounted on floating, moored pontoons [33]. Panel orien­

tation will, in reality, depend on incoming waves, which can lead to 

wave-induced losses (WIL) of several percent [34]. Estimated WIL val­

ues for different significant wave heights are shown in Table 1, which 

are used to estimate WIL in this study. For a detailed description of the 

dynamics behind WIL, the reader is referred to [34].

The hourly mean electrical power, prior to applying WIL, is obtained 

from 

𝑃𝑃𝑉 = 𝜂 ⋅ 𝐴 ⋅ 𝐺, (1)

where 𝐴 is the panel area, 𝐺 is the global horizontal irradiance, and 

𝜂 is the PV temperature dependent efficiency. In this study, PV mod­

ules are assumed to be horizontally mounted, and therefore the use of 

global horizontal irradiance is appropriate without applying a transpo­

sition model. Surface reflections are not explicitly modelled, however, 

for horizontally mounted PV systems, the contribution of reflected irra­

diance from the ocean surface to total incident energy is limited and is 
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implicitly included in the ERA5 global horizontal irradiance data [35]. 

The efficiency 𝜂 can be calculated as 

𝜂 = 𝜂𝑆𝑇𝐶

(

1 − 𝛽
(

𝑇𝑎 − 𝑇𝑆𝑇𝐶 +
(

𝑇𝑁 − 𝑇𝑎
) 𝐼𝑇
𝐼𝑇 ,𝑁

))

, (2)

where 𝛽 is the temperature coefficient, 𝐼  is the incident irradiance, and 𝑇
is temperature. Subscripts 𝑆𝑇𝐶, 𝑁 , and 𝑎 denote standard testing, nom­

inal, and ambient operating conditions, respectively [36]. Alternative 

approaches exist for determining the efficiency by accounting for the 

actual cell temperature, but these methods require empirical equations, 

which introduce uncertainties [37]. This study uses specifications from 

the PV panel TSM-NEG21C.20-700, with an efficiency of 22.5% at 

standard testing conditions [38].

2.1.3 . Wind power

Wind power modeling is performed using wind speeds at hub height 

and specifications for the 15 MW fixed platform offshore referential 

turbine from the National Renewable Energy Laboratory (NREL, now 

known as the National Laboratory of the Rockies, NLR). The cut-in wind 

speed is 3 m/s, the rated wind speed is 10.59 m/s and the cut-out wind 

speed is 25 m/s. The hub height of the referential turbine is 150 m [39]. 

The wind speed at hub height can be extrapolated from a referential 

height (in this study, 100 m above sea level) as 

𝑉ℎℎ = 𝑉𝑟𝑒𝑓

(

𝑍ℎℎ
𝑍𝑟𝑒𝑓

)𝛼
, (3)

where 𝑍ℎℎ is the hub height, 𝑍𝑟𝑒𝑓  is the reference height, 𝑉ℎℎ and 𝑉𝑟𝑒𝑓
are the wind speeds at hub height and reference level, respectively, 

and 𝛼 is the power law exponent. The power law exponent was cho­

sen as 0.11, which corresponds, on average, to oceanic conditions [40]. 

However, it is worth mentioning that the actual exponent varies with 

atmospheric stability, ranging typically from 0.06 to 0.18 in offshore 

environments [41], and this simplification introduces uncertainty in ab­

solute LCOE estimates, particularly under stable or unstable atmospheric 

conditions [42]. Nevertheless, as the hub height is relatively close to the 

referential height, these uncertainties are low.

The power output from a single turbine can be described as [43] 

𝑃𝑠𝑡(𝑉 ) =

⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

𝑃𝑟𝑎𝑡𝑒𝑑 , 𝑉𝑟𝑎𝑡𝑒𝑑 ≤ 𝑉ℎℎ ≤ 𝑉𝑐𝑢𝑡-𝑜𝑢𝑡

𝑃𝑟𝑎𝑡𝑒𝑑

(

𝑉ℎℎ − 𝑉𝑐𝑢𝑡-𝑖𝑛
𝑉𝑟𝑎𝑡𝑒𝑑 − 𝑉𝑐𝑢𝑡-𝑖𝑛

)3
, 𝑉𝑐𝑢𝑡-𝑖𝑛 < 𝑉ℎℎ < 𝑉𝑟𝑎𝑡𝑒𝑑

0, 𝑉ℎℎ ≤ 𝑉𝑐𝑢𝑡-𝑖𝑛 or 𝑉ℎℎ > 𝑉𝑐𝑢𝑡-𝑜𝑢𝑡

(4)

where 𝑃𝑟𝑎𝑡𝑒𝑑  is the rated power of the turbine. By accounting for wind 

speed variations within a farm, a corresponding farm power curve or 

multi-turbine power curve can be created [44]. The wind speed variation 

within a farm is here assumed to be 1 m/s [45], and the multi-turbine 

power curve can be constructed as [46] 

𝑃𝑚𝑡(𝑉 ) = ∫

𝑉 +5

𝑉 −5
𝑓 (𝑥|𝑉 , 𝜎2𝑉 )𝑃𝑠𝑡(𝑥)𝑑𝑥, (5)

where 𝑃𝑚𝑡 and 𝑃𝑠𝑡 represent the power at wind speed 𝑉  for a multi-

turbine and single-turbine power curve, respectively. Analytically, the 

integration limits should be ±∞, but with the assumed distribution of 

wind speed variation, the integration limits of ±5 lead to negligible loss 

in a discretized implementation. The normalized power output from a 

single turbine power curve and the resulting multi-turbine power curve 

are shown in Fig. 3.

2.2 . Levelized cost of energy

Levelized cost of energy (LCOE) is a measure of the cost for gen­

erating electrical energy, and is commonly used to compare various 

alternatives or determine suitable locations for installations.

Fig. 3. Power curve of a single turbine and the resulting multi-turbine power 

curve.

The general definition of LCOE is the sum of costs over the lifetime 

divided by the electrical energy produced, and can be calculated as [47]

𝐿𝐶𝑂𝐸 =
𝐼0 +

∑𝑁
𝑡=1

𝐴𝑡
(1+𝑟)𝑡

∑𝑁
𝑡=1

𝐸𝑡
(1+𝑟)𝑡

, (6)

where 𝐼0 is the initial investment cost, 𝐴𝑡 is the annual total cost, 𝐸𝑡
is the annual energy yield, and 𝑟 is the discount rate, in this study set 

to 6%, which is within the range of commonly used discount rates by 

organizations such as NLR and IRENA [48]. The initial investment costs 

are also commonly called capital expenditures (CapEx) and the annual 

costs operational expenditures (OpEx). An alternative formulation can 

be made using annualized costs, as [1] 

𝐿𝐶𝑂𝐸 =
𝐶𝑎𝑛𝑛
𝐴𝐸𝑃

, (7)

where 𝐶𝑎𝑛𝑛 is the annualized total costs and 𝐴𝐸𝑃  average annual energy 

generation during the project lifetime. In this study, however, 𝐴𝐸𝑃  is 

calculated as the average annual energy yield for the study time period 

(five years). The annualized costs are calculated as 

𝐶𝑎𝑛𝑛 = CapEx ⋅ 𝐶𝑅𝐹 + OpEx𝑎𝑛𝑛𝑢𝑎𝑙 . (8)

The capital recovery factor (𝐶𝑅𝐹 ) is calculated as 

𝐶𝑅𝐹 (𝑟,𝑁) =
𝑟(1 + 𝑟)𝑁

(1 + 𝑟)𝑁 − 1
, (9)

where 𝑁  is the economic lifetime of the project, in this study assumed 

to be 25 years. This formulation of LCOE treats all cash flows as equally 

distributed over the project lifetime.

The formulation in Eq. (7) is suitable for determining the LCOE of 

a hybrid park, if the annualized costs and 𝐴𝐸𝑃  are known for each re­

spective source. In this study, the LCOE formulation for a hybrid park 

comprising wave power, wind power, and OFPV is calculated as in 

Eq. (10). 

𝐿𝐶𝑂𝐸ℎ𝑦𝑏𝑟𝑖𝑑 =
𝛼𝐶𝑠𝑜𝑙𝑎𝑟 + 𝛽𝐶𝑤𝑖𝑛𝑑 + 𝛾𝐶𝑤𝑎𝑣𝑒 + 𝑐𝐶𝑠ℎ𝑎𝑟𝑒𝑑
𝛼𝐸𝑠𝑜𝑙𝑎𝑟 + 𝛽𝐸𝑤𝑖𝑛𝑑 + 𝛾𝐸𝑤𝑎𝑣𝑒 − 𝐸𝑐𝑢𝑟𝑡𝑎𝑖𝑙

(10)

The variables 𝛼, 𝛽, and 𝛾 are fractions of solar power, wind power, and 

wave power, respectively. 𝐸𝑐𝑢𝑟𝑡𝑎𝑖𝑙 is annually curtailed electrical en­

ergy, and variable 𝑐 is the curtailment threshold value. As previously 
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discussed, complementary energy sources pose a possibility to increase 

the utilization of the shared electrical infrastructure, such as the trans­

mission cable and transformer (whose costs are denoted as 𝐶𝑠ℎ𝑎𝑟𝑒𝑑  in 

Eq. (10)). The probability of all sources operating at their maximum 

output simultaneously is rather low, and therefore the combined power 

ratings can be higher than the power rating of the shared infrastructure, 

known as over-planting [49]. In this study, the ratio of source power 

rating and infrastructure power rating equals the curtailment threshold 

level 𝑐. With a curtailment threshold level equal to one, the cost of shared 

infrastructure is high, but no curtailment is necessary. With a lower cur­

tailment threshold level, the initial cost of the shared infrastructure is 

lowered, but curtailment is necessary in all joint power states exceeding 

the curtailment threshold level.

To find the combination that minimizes LCOE, Eq. (10) is mini­

mized. The optimization is performed in each cell of the rasterized data 

(with the inherited resolution from ERA5 of 0.25◦ ×0.25◦) to find the 

combination of 𝛼, 𝛽, 𝛾 and 𝑐 that minimizes LCOE. The minimization is 

implemented in Matlab using sequential quadratic programming. The 

optimization problem is formulated using hourly-resolved power pro­

files to determine the optimal value of 𝑐. The optimization formulation 

is shown in Eq. (11). 

min
𝛼,𝛽,𝛾,𝑐

LCOEhybrid(𝛼, 𝛽, 𝛾, 𝑐)

s.t. 0 ≤ 𝛼 ≤ 1,

0 ≤ 𝛽 ≤ 1,

0 ≤ 𝛾 ≤ 1,

0.3 ≤ 𝑐 ≤ 1,

𝛼 + 𝛽 + 𝛾 = 1.

(11)

This LCOE-based optimization does not account for the temporal 

value of electricity, which may differ between technologies depending 

on the demand profile and grid context. In many systems, the value of 

PV electricity is lower than that of wind or wave power due to seasonal 

generation patterns [50], but this is not universally the case [51].

2.3 . Data

2.3.1 . Economical data

Cost parameters for the hybrid offshore system were derived using 

a combination of literature sources. Technology specific CapEx and an­

nual OpEx were obtained from Lopez et al. [52]. These values represent 

full system costs, including grid connection infrastructure, applicable to 

utility-scale parks where economies of scale apply [52]. In a smaller sys­

tem, the relative capital costs are higher. To isolate the cost contribution 

associated strictly with the generation technology, grid-related CapEx 

was subtracted using values reported in Satymov et al. [53]. This results 

in “energy-source-only” investment costs for subsequent LCOE formu­

lation, where the grid connection infrastructure costs are separately 

accounted for.

Additional technology-specific structural costs were incorporated 

where applicable. Foundation and mooring costs for floating and 

bottom-fixed wind turbines were sourced from [53]. Mooring-line costs 

were assumed to be similar for wave energy converters and OFPV 

systems, and depth-dependent cost was assumed to follow the same gra­

dient across all floating technologies. For floating PV, the initial platform 

and floater costs were estimated as 51% of total CapEx [54]. It is impor­

tant to note that depth-dependent contributions constitute only a small 

share of total project costs. Although their absolute values may be un­

derestimated, this bias is expected to apply uniformly to all technologies 

and therefore should not distort the comparative analysis.

Table 2 summarizes the disaggregated cost structure for each tech­

nology under two scenarios. Cost labeled near future present projected 

costs representative of a 2030 deployment scenario [52], while costs 

labeled present day provide present-day cost estimates [52]. Grid con­

nection costs, including offshore substations and export cables, are 

applied once to the entire hybrid park. Transmission configuration 

(HVAC vs. HVDC) is selected according to the lowest cost option based 

on distance to shore, where it is assumed that a grid connection point 

exists. Although the cost division in Table 2 represents a simplified cost 

model, variations in LCOE across sites are primarily driven by factors 

such as distance to shore, water depth, and wind conditions [55], which 

are accounted for.

2.3.2 . Meteorological reanalysis data

The data used in this study consist of meteorological reanalysis 

data from the dataset ERA5, which provides spatially consistent, hourly 

resolved atmospheric and oceanic variables [56]. For wind power mod­

eling, the eastward and northward wind speeds at 100 m above sea level 

were used to calculate the total wind speed at this height and further 

processed to the hub height of 150 m. Wave energy period and signifi­

cant wave height were used for wave power modeling, while downward 

solar radiation and ambient air temperature were used for PV model­

ing. The spatial resolution of wave parameters was interpolated from 

0.5◦ × 0.5◦  to 0.25◦ × 0.25◦  in order to match the spatial resolu­

tion of other variables. A bilinear interpolation approach was applied, 

which does not introduce new physical information but ensures spa­

tial consistency across the dataset. Offshore, where spatial gradients 

in mean wave climate are gentle, this smoothing has a limited effect 

Table 2 

CapEx and OpEx used in the study. All costs are in €/kW rated capacity. 𝐷 is the distance to the point of 

common coupling in km, 𝑑 is sea depth in m. OpEx of grid connection refers to the percentage of CapEx. 

Sourced from [52,53].

Near future Present day

CapEx OpEx CapEx Opex

Bottom fixed wind power

Costs, excluding foundations 1810 39.8 2002 44.0

Foundations 0.022𝑑2-0.55𝑑+55 – 0.022𝑑2-0.55𝑑+55 –

Floating wind power

Costs, excluding mooring and foundations 2575 56.7 3292 72.4

Mooring and foundations 174.6 + 0.0288𝑑 – 174.6 + 0.0288𝑑 –

Wave power

Costs, excluding mooring and foundations 2177 126.3 5647 327.5

Mooring and foundations 174.6 + 0.0288𝑑 – 174.6 + 0.0288𝑑 –

Floating PV

Costs, excluding mooring and foundations 227.8 6.8 406 12.1

Mooring and foundations 112.2 + 0.0288𝑑 – 200+0.0288𝑑 –

Grid connection

Costs, HVAC 56.8 + 8.5𝐷 2% 56.8 + 8.5𝐷 2%

Costs, HVDC 387.8 + 2.2𝐷 2% 387.8 + 2.2𝐷 2%
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on mean resource estimates. Near complex coastlines, interpolation er­

rors are larger, though these areas are partially addressed by the depth 

and distance filters described in Section 2.4. Taken together, the issues 

previously listed imply that ERA5-based resource estimates exhibit sys­

tematic, location-dependent uncertainties, particularly near coasts and 

during extreme events. However, the dataset is considered appropri­

ate for the present large-scale comparative analysis, where consistency 

between variables is prioritized over local precision. The temporal res­

olution of the employed variables is hourly, and the total time period is 

the years 2020–2024.

ERA5 has previously been validated in multiple regional and global 

studies [57,58]. Although ERA5 exhibits site-specific biases in wind 

speed, particularly in complex terrain and during extreme wind con­

ditions [59], validation studies suggest that ERA5 provides wind power 

generation estimates with acceptable accuracy for energy system model­

ing [60]. For solar radiation, ERA5 demonstrates biases that depend on 

cloud conditions. The findings by Li et al. [61] show that the ensemble 

tends to overestimate irradiance in clear-sky conditions and underes­

timate it under cloudy or intermediate-sky conditions, with additional 

uncertainty from cloud misclassification. A notable issue is also that the 

wave model used in ERA5 is based on deep water approximations [62], 

and while ERA5 generally performs well in open-ocean environments, 

validation studies show significant underestimation of extreme wind 

speeds offshore [63] and a poor fit for wave energy potential in shallow 

nearshore areas [64,65]. Biases are more noticeable near coasts, where 

coarse spatial resolution fails to capture bathymetric complexity and 

land-sea interactions [66]. Therefore, for shallow waters, other wave 

power models should be used if accuracy is required [57,67]. Compared 

to buoy measurements, wave parameters from ERA5 have shown poor 

agreement in extreme events with high wave heights [66]. Since wave 

energy generation is dominated by frequently occurring sea states, the 

influence on long-term energy estimates is expected to be limited. ERA5 

is suitable for this global comparative LCOE study because it pro­

vides spatially and temporally consistent meteorological forcing [68], 

high resolution data [69], and long-term availability, and has been 

widely applied in global and regional studies [58,70]. No additional 

site-specific validation was performed in this study, as the objective is 

a global comparative analysis rather than site-specific predictions. The 

use of ERA5 is therefore appropriate due to its global coverage, demon­

strated reliability, and widespread use in large-scale energy system

analyses.

2.4 . Study region

The spatial domain of the global analysis was restricted by excluding 

locations deemed physically and practically implausible for installa­

tion, following the criteria outlined in [32]. The following criteria were 

applied:

• Protected areas, as defined by [71], were excluded.

• Locations with monthly maximum sea ice cover exceeding 15% 

were excluded [56].

• Locations with a depth exceeding 500 m were excluded [72]. 

Locations with depths lower than 40 m were also excluded, as the 

CorPower device is not designed for such conditions [29].

• Locations with a distance exceeding 200 km to the mainland were 

excluded.

These constraints were chosen to conservatively exclude clearly infea­

sible locations while retaining a broad set of potentially viable sites. 

Although practical installations are unlikely at depths approaching 

500 m, this threshold was selected to eliminate only physically implau­

sible regions rather than to define optimal deployment conditions.

The resulting study area is illustrated in Fig. 4, where colored regions 

indicate locations included in the analysis. After applying all constraints, 

approximately 4.1% of the global ocean surface remains eligible. The re­

tained regions are unevenly distributed, with notable concentrations in 

Southeast Asia and Northern Europe, while much of the African coastline 

is excluded under the applied criteria.

2.5 . Statistical test

To analyze features relevant for co-location, several distributions of 

results have been compared. To assess whether one distribution tends to 

yield larger values than another, the Mann–Whitney U test (also known 

as the Wilcoxon rank-sum test) can be applied [73]. This is a non-

parametric test that assesses differences in central tendency between 

two independent samples without assuming normality. The test operates 

by ranking all observations across both groups and evaluating whether 

the ranks from one group are systematically higher than those from the 

other [74]. A significant U statistic indicates that the distributions differ, 

and the direction of the rank sums reflects which group tends to have 

larger values. The Mann-Whitney U test has been applied to assess if 

there are differences between sites where the optimization framework 

Fig. 4. Locations included in the study.
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Fig. 5. Spatial representation of capacity factors for a) OFPV, b) wave power and c) wind power. The distributions of the capacity factors are shown in Fig. 5(d).

indicates that a hybrid park is favorable, compared to locations where 

only a single source is favorable.

3 . Results

3.1 . Capacity factors

Fig. 5 presents the average capacity factors for all locations globally. 

The wind power capacity factors show good agreement with overlapping 

reported locations in the Global Wind Atlas [75]. An inverse spatial re­

lationship between the capacity factors of photovoltaic (PV) and wind 

power is also observed, as high wind capacity factors generally occur 

in mid-to-high latitudes where solar capacity factors are lower, and 

vice versa. The PV capacity factors are lower than commonly reported 

global values [76]. This discrepancy is primarily due to the assumption 

of horizontal panel orientation without tilt-angle optimization, which 

is expected to underestimate PV capacity factors relative to optimally 

tilted systems but avoids overestimating performance given the un­

certain impact of wave-induced motions on OFPV systems [34]. The 

capacity factor of wave power is strongly dependent on the specific tech­

nology employed [77]. Nevertheless, for locations deemed feasible, the 

wave power capacity factors obtained in this study fall within the range 

reported by CorPower [29].

3.2 . Optimization results

In this section, the results of the optimization are presented. Figs. 6(a) 

and Fig. 6(b) show the minimum achievable LCOE, together with the 

distribution of cost-optimal park configurations across the geographic 

regions: North America, South America, Europe, Africa, East Asia, 

Maritime Southeast Asia and Australia/New Zealand. The park con­

figuration at higher spatial resolution (0.25◦ × 0.25◦) can be seen in 

Appendix B.

The resulting LCOE ranges from 0.04 – 0.16 €/kWh for CapEx 

representative for present-day conditions, and 0.02 – 0.09 €/kWh for 

near-future cost assumptions. For comparison, IRENA reports current 

(2025) LCOE levels of 0.068 €/kWh for offshore wind and 0.037 €/kWh 

for conventional solar [78]. According to NREL [79], the LCOE of OFPV 

is approximately 20% higher than that of conventional solar, corre­

sponding to an estimated value of 0.044 €/kWh. This value can therefore 

be used for comparison in the present analysis. It should also be noted 

that the resulting LCOE values are based on a simplified cost model, and 

the absolute values should only be seen as indicative.

The LCOE of wave power remains highly uncertain due to the 

absence of large-scale commercial installations. However, CorPower 

Ocean projects a future LCOE of approximately 0.07 €/kWh [80]. While 

the absolute LCOE values presented here are subject to uncertainty 

due to model simplifications and cost assumptions, the relative differ­

ences between all the technologies are considered sufficiently robust for 

comparative analysis.

Several general trends can be observed. As expected, solar power 

exhibits the lowest LCOE in regions close to the equator, resulting in 

cost-optimal park configurations dominated by OFPV. At higher north­

ern and southern latitudes, the solar resource diminishes while wind 

and wave power resources improve. Nevertheless, the LCOE-based opti­

mization indicates that solar power remains cost-effective even in high- 

and low-latitude regions, although typically in combination with wind 

power under present-day cost assumptions and with wave power under 

near-future projections as depicted in Table 2.

It should be emphasized that this analysis does not account for the 

temporal value of electricity, as, for example levelized value of energy 

(LVOE) would do. In many regions, the system value of PV genera­

tion is lower than that of wind or wave power due to the seasonal 

solar variability and the typical electricity demand profile. These re­

sults, therefore, reflect a purely cost-based perspective. However, if the 

future wave power cost projections reported in [52] are realized, wave 
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Fig. 6. Global LCOE figures for CapEx representative for present day in Fig. 6(a) and near future in Fig. 6(b). Under present-day cost assumptions, wave power is 

not included in the mix. Under near-future cost assumptions, wind power is only included in the European region (1%). Pie charts show the distribution of energy 

sources. Fractions lower than 1% are not shown in the percentage distribution.

energy could achieve LCOE comparable to or lower than wind power in 

the near-future scenario.

Fig. 7 presents the optimized curtailment threshold values. The 

average curtailment threshold values are 0.93 (0.92 for near-future as­

sumptions) for locations with solar-only configuration, 1.00 (1.00 for 

near-future assumptions) for wind-only configurations, and 1.00 for 

wave power in the near-future scenario. Wave power is not included as 

a stand-alone technology under the present-day assumptions due to its 

high initial cost and therefore has no corresponding threshold value. For 

co-located configurations, the average curtailment threshold is lower, at 

0.89 for present-day assumptions and 0.84 for near-future assumptions. 

This is primarily because in the present-day scenario, wind power is in­

cluded to a much greater extent, and wind power often operates near its 

rated capacity.

These results indicate that curtailment provides LCOE benefits only 

for OFPV among the stand-alone technologies. In contrast, curtailment 

becomes more advantageous in co-located systems, as evidenced by the 

consistently lower curtailment threshold values. This indicates that co-

located systems can achieve lower LCOE by curtailing aggregate output 

during periods of high combined generation, thereby reducing required 

grid connection capacity. The utilization of the shared transmission ca­

ble is increased on average by 17% for the co-located farms, compared 

to stand-alone wind power farms.

3.3 . Statistical analysis of driving factors

In the following analysis, “all locations” refers to the full set of feasi­

ble offshore sites (n = 22,713), while “co-located” or “mixed” refers to 

the subset of locations where the cost-optimal solution includes two or 

more technologies with nonzero capacity shares (i.e., 𝛼, 𝛽, 𝛾 such that no 

single technology comprises 100% of installed capacity). Fig. 8 presents 

the distribution of several key variables. The distributions of LCOE, 

shown in Fig. 8(a), reveal two main findings. First, as expected, LCOE 

values based on near-future assumptions are generally lower than those 

based on present-day assumptions. This reflects the assumed aggressive 

learning rates underlying the future cost projections. Second, the LCOE 

distributions across all locations are consistently lower than those for lo­

cations where a mixed technology portfolio is preferred. This difference 

is statistically significant. Mann-Whitney U-tests indicate that for both 

present-day and near-future assumptions, the LCOE distributions for all 
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Fig. 7. Curtailment threshold values for costs representative for present day in Fig. 7(a) and near future in Fig. 7(b).

locations are lower than those for mixed locations for the corresponding 

scenario (𝑝<0.005).

An inverse relationship is observed for the PV capacity factor dis­

tributions shown in Fig. 8(b). Locations where a mixed technology is 

preferred tend to exhibit lower PV capacity factors compared to the full 

set of locations. These differences are also statistically significant. Given 

that PV is a comparatively low-cost energy technology, locations with a 

strong solar resource tend to yield cost-optimal solutions with only PV.

The distributions of Spearman correlation coefficients between wave 

and solar power are shown in Fig. 8(c) and between wind and solar 

power in Fig. 8(d). Both sets of correlation coefficients for mixed lo­

cations are statistically significantly lower compared to the full set of 

locations, i.e., in locations with negative correlation, there is a greater 

chance that a co-located park yields the lowest LCOE. This indicates that 

negative correlation implies benefits from an LCOE-perspective, even 

though the difference in correlation is relatively small. Commonly, cor­

relation coefficients in the range −0.3 to −0.6 are considered necessary 

for moderate complementarity [81]. However, these results indicate that 

correlation coefficients in the range of −0.2 to −0.3 are sufficient to 

influence cost-optimal technology selection.

4 . Discussion

4.1 . Sensitivity analysis

Fig. 9 shows a sensitivity analysis for several parameters. The sen­

sitivity analysis has been performed by both increasing and decreasing 

the CapEx for one technology (wind power, wave power, OFPV, grid 

connection costs) by 25% and running the optimization again while 

maintaining the CapEx of the other variables constant. These variations 

can be interpreted as representing uncertainty in future cost devel­

opment, including conservative and optimistic learning pathways for 

emerging technologies such as wave and floating solar. This results in 

eight sensitivity cases for both the present-day and the near-future sce­

nario. The assessed variables are average curtailment threshold value, 

number of locations where co-location is preferred, the capacity factor 

of wind, solar and wave power in locations where a mix is preferred, 

Spearman correlation coefficient between the technologies where a mix 

is preferred and the average LCOE both for the full set of locations, and 

for the set of locations where a mix is preferred.

For the present-day scenario, the largest change is seen in the capac­

ity factor of OFPV in locations where a mix is preferred, when increasing 
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Fig. 8. Driving factors for LCOE minimization. Fig. 8(a) shows distribution of LCOE, Fig. 8(b) shows distribution of PV capacity factor, Fig. 8(c) shows correlation of 

wave and solar and Fig. 8(d) shows correlation of wind and solar.

wind power CapEx by 25%. The explanation for this change lies in 

the fact that with the CapEx increase, the number of locations where 

a mix is preferred decreases. With the CapEx increase, locations initially 

cost-optimal for PV–wind installations are now cost-optimal for PV-only 

installations, and therefore fewer locations with high solar resources are 

included in the subset of mixed locations. The same effect, but in the op­

posite direction, can also be seen as the capacity factor of OFPV increases 

almost as drastically with a wind power CapEx decrease.

For an increase of PV CapEx, the average LCOE for locations where 

a mix is preferred decreases. This change might seem counterintu­

itive; however, the number of locations where a mix is preferred also 

decreases. Therefore, locations initially cost-optimal for PV–wind instal­

lations are now cost-optimal for wind-only, and the associated average 

LCOE is higher.

Varying the cost of the shared transmission cable has a high im­

pact on the number of locations where a mix is preferred. As expected, 

with a higher transmission cost, more locations are cost-optimal for 

co-location, as the shared cost is higher. Likewise, the LCOE is more 

sensitive to this variation in these locations, compared to the full set of 

locations. Notably, the ranking of co-location drivers is insensitive to 

±25% changes in wave power CapEx in the present-day scenario. This 

suggests that under current cost levels, wave economics have limited 

influence on co-location patterns, even though wave power becomes 

cost-competitive in future scenarios.

For the near-future scenario, decreasing CapEx of wind power has a 

large impact on the results, primarily on the number of locations where 

a mix is preferred. With the near-future cost projections, wind power is 

rarely included in the results of the LCOE-optimization. Without chang­

ing CapEx, it is included in 253 out of 22,713 (1.11%) viable locations. 

With the decrease of wind power CapEx, this increases to 1695 (7.46%) 

locations. The reason is that by decreasing wind power CapEx by 25%, 

wind power is approximately cost-equivalent to wave power. A similar 

effect is observed, with the capacity factor of wave power for mixed 

locations increasing substantially for the same change.

Decreasing OFPV CapEx has a drastic impact on the results in the 

near-future scenario. The number of locations where a mix is preferred 

is less than half the original number. With such low costs for OFPV, even 

locations with relatively bad solar resources yield minimal LCOE with 

PV-only, and only locations with a strong wave resource are suitable for 

co-location.

Across both scenarios, the average total curtailment threshold val­

ues are insensitive to changes. Additionally, increasing shared CapEx 

increases the number of locations where a mix is preferred, and de­

creasing shared CapEx decreases the number of locations where a mix is 

preferred. This indicates that co-location does matter in terms of reduc­

ing joint capital costs. When the shared costs increase, the optimization 

indicates that increasing the utilization of the shared infrastructure is 

important in minimizing LCOE.

Overall, Fig. 9 highlights that the sensitivity of the optimization 

problem is governed not only by direct parameter changes, but more 

importantly, by shifts in the set of locations where co-location is 

cost-optimal. The variation of capital costs that alter the relative compet­

itiveness of wind, wave, and OFPV influences the results by changing the 

composition of this subset, rather than through direct effects on LCOE 
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Fig. 9. Percentage change in results when changing the CapEx of each con­

stituent by ±25%. CF stands for capacity factor, and corr stands for Spearman 

correlation coefficient.

metric alone. Consequently, the observed variation in capacity factor 

and LCOE should be interpreted as reflecting changes in site selection 

and technology mix, rather than local performance differences.

4.2 . Co-location driving factors

Even though many of the presented variables exhibit a sensitivity 

to initial CapEx values, the presented co-location drivers in Fig. 8 re­

main unchanged. The distributions of the variables LCOE, PV capacity 

factor, and the Spearman correlation coefficient between wind and so­

lar, and wave and solar, were assessed in the same manner using the 

Mann-Whitney U test. Across all sensitivity cases, it still holds that:

• LCOE is lower for locations where a single energy source is 

preferred.

• Solar capacity factor is lower where a mix is preferred.

• Wind-solar correlation coefficients are more negative (i.e., closer 

to −1) in locations where a mix is preferred.

• Wave-solar correlation coefficients are more negative in locations 

where a mix is preferred.

These results hold for both the present-day and the near-future cost sce­

narios and all sensitivity cases. The full analysis is found in Appendix A. 

This means that even with uncertain cost pathways for the emerging 

technologies OFPV and wave power, the economic drivers of co-location 

remain robust.

4.3 . Limitations

This study has several limitations that should be acknowledged, 

and that also point to directions for future research. Model simplifica­

tions are inevitable when analysing relatively long-term, highly resolved 

temporal patterns across the entire globe. For example, the assump­

tions of horizontally aligned PV panels and the absence of air density 

impact in wind power modeling will affect the results to a certain ex­

tent [82]. Furthermore, the derivation of the multi-turbine power curve 

assumes a uniform intrapark wind variability, which neglects wake-

induced turbulence effects and site-specific atmospheric conditions. The 

wave power modeling is based purely on the CorPower point-absorber 

device, even though there are several other converter types suitable for 

various locations. These choices were made mainly to improve clar­

ity of the core findings. Additionally, uncertainties in the ERA5 data, 

such as errors in wind speed and solar irradiance, constrain the ac­

curacy of even high-fidelity modeling approaches. This is particularly 

important when assessing site-specific behavior. Due to the coarse spa­

tial resolution (0.25◦ × 0.25◦), the analysis can only support regionally 

averaged conclusions rather than location-specific assessments. Several 

such studies exist for individual locations and technology combinations 

(e.g., [15,16,19]), which complement the global perspective presented 

in this study.

All cost parameters are held fixed across all locations, thereby ne­

glecting regional economies, financing conditions, and supply-chain 

differences. In reality, offshore energy project costs vary between re­

gions due to differences in labor costs, regulatory frameworks and the 

cost of capital, which can influence LCOE estimates. For example, re­

gional variations in financing conditions alone have been shown to affect 

deployment patterns of renewable energy systems [83]. Consequently, 

regional cost variation would shift the absolute LCOE values, but would 

not affect the relative patterns and driving factors that form the focus of 

this study. Another region-specific cost omitted from the LCOE estima­

tion is the onshore transmission cost, which is not explicitly represented. 

Instead, the analysis assumes the availability of a grid connection point 

at the nearest shoreline. This will not reflect actual conditions, par­

ticularly in remote areas or regions with weak or congested onshore 

networks. This will, in a similar manner as varying capital cost, mostly 

influence the absolute LCOE numbers and not the relative comparison 

or the analysis of driving factors.

The analysis depends on a limited five-year period (2020–2024). 

Studies on ERA5 wave and wind data suggest that 20–30 years of records 

are recommended for strong extreme value analysis and accurate ca­

pacity factor estimates [84,85], and wave power, in particular, shows 

significant interannual and decadal variability [86]. The five-year pe­

riod used here, therefore, introduces additional uncertainty into absolute 

LCOE values and the representation of rare extreme events, particularly 

for wave energy. The five-year period serves as a screening-level clima­

tology to enable a global, high-resolution techno-economic comparison 

of hybrid offshore parks, consistent with similar global or basin-scale 

assessments that have also relied on multi-year but limited ERA5-based 

periods as a pragmatic compromise between spatial coverage, temporal 

resolution, and computational cost [87–89]. The reported LCOE val­

ues and capacity factors should therefore be seen mainly as indicators 

of relative spatial patterns and co-location factors, rather than exact 

long-term design metrics for individual sites. The main results of the 

study (global spatial patterns of LCOE and the ranking of co-location 

drivers) are more reliable across different record lengths than the abso­

lute site-level LCOE values, because the main gradients in offshore wind 

and wave resources are driven by large-scale atmospheric and oceanic 

circulation, whose patterns ERA5 reliably captures in deep-water off­

shore environments [90,91]. Compared to long-term studies, this period 

does not constitute an outlier in terms of wind power density or solar 

irradiance and can therefore be considered broadly representative of typ­

ical climatic conditions [17,92]. Nevertheless, expanding the analysis to 

multi-decadal records and explicitly including resource uncertainty in 
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LCOE calculation is seen as a natural next step for regional follow-up 

studies and project-level assessments.

Despite these limitations, the adopted assumptions are necessary to 

enable a consistent, global-scale assessment of renewable energy LCOE 

complementarity. The study provides a useful characterization of spa­

tial patterns and important features for co-location, which can indicate 

where more detailed, location-specific studies should be undertaken. 

Future research could build on this by incorporating higher resolution 

resource data, longer time series, multiple technology representations, 

and more detailed grid and cost modeling. Such extensions could im­

prove the applicability of the results to local planning and deployment 

decisions. Higher resolution and higher quality data on a global scale 

are not easily accessible, but the announced future release of ERA6 can 

significantly improve this matter, as the spatial resolution will be much 

higher than that of the current ERA5.

5 . Conclusions

This study presents a global assessment of cost-optimal co-location 

of offshore wind, wave, and floating photovoltaic power. The results 

demonstrate that cost-optimal co-location of offshore renewable energy 

sources is primarily a strategy for locations with sub-optimal individual 

resources rather than resource-rich regions. Where solar irradiation or 

wind speeds are exceptionally high, the least-cost solution is almost al­

ways a single-technology deployment. In contrast, regions characterized 

by moderate wind resources and relatively low solar capacity factors are 

frequently cost-optimal with hybrid systems.

A relevant finding is that strong complementarity, traditionally de­

fined by large negative correlation coefficients, is not a prerequisite for 

economic benefits. Instead, even weakly negative correlations are statis­

tically associated with lower LCOE by smoothing aggregate production 

and increasing utilization of shared resources. This highlights that com­

plementarity should be understood in an economic rather than purely 

statistical sense.

The sensitivity analysis shows that while the preferred technology 

mix changes substantially with assumed capital costs, the conditions 

under which co-location becomes attractive are robust across all tested 

scenarios. This indicates that the assessed primary drivers of co-location 

(low PV capacity factor, negative resource correlation, resource avail­

ability) are not highly sensitive to the specific cost assumptions tested in 

this study. The results, therefore, may inform long-term offshore spatial 

planning, even under uncertainty in future technology costs.

Overall, these findings suggest that co-located offshore renewable en­

ergy can play an important role in a constrained future energy landscape, 

particularly where spatial limitations or grid costs restrict large-scale 

single-technology deployment. Future work should extend the analy­

sis to include storage, dynamic grid interactions, and regional demand 

matching to further assess the system-level value of offshore hybrid 

energy parks.

From a design perspective, the results suggest that hybrid offshore 

parks should not be conceived as a universal solution, but as a targeted 

design choice for locations constrained by grid capacity or moderate 

resource availability. In such cases, modest complementarity can reduce 

the required connection capacity, thus lowering associated costs.
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Appendix A . Statistical tests

See Table A.3.

Table A.3 

Results of Mann-Whitney U test for various variables.

Present day CapEx Near future CapEx

Scenario Mix (X) All (Y) P(X < Y) p Mix (X) All (Y) P(X < Y) p

Correlation coefficient of wind and solar

Baseline −0.12 −0.08 0.65 <0.005 −0.15 −0.08 0.79 <0.005

Wind + 25 −0.12 −0.08 0.67 <0.005 −0.15 −0.08 0.78 <0.005

Wind − 25 −0.11 −0.08 0.61 <0.005 −0.14 −0.08 0.75 <0.005

Sol + 25 −0.11 −0.08 0.62 <0.005 −0.14 −0.08 0.75 <0.005

Sol − 25 −0.12 −0.08 0.67 <0.005 −0.14 −0.08 0.74 <0.005

Wave + 25 −0.12 −0.08 0.65 <0.005 −0.15 −0.08 0.77 <0.005

Wave − 25 −0.12 −0.08 0.65 <0.005 −0.14 −0.08 0.75 <0.005

Shared + 25 −0.12 −0.08 0.64 <0.005 −0.15 −0.08 0.78 <0.005

Shared − 25 −0.12 −0.08 0.66 <0.005 −0.15 −0.08 0.78 <0.005

Correlation coefficient of wave and solar

Baseline −0.17 −0.10 0.72 <0.005 −0.31 −0.10 0.91 <0.005

Wind + 25 −0.21 −0.10 0.78 <0.005 −0.32 −0.10 0.92 <0.005

Wind − 25 −0.12 −0.10 0.60 <0.005 −0.29 −0.10 0.88 <0.005

Sol + 25 −0.14 −0.10 0.64 <0.005 −0.27 −0.10 0.88 <0.005

Sol − 25 −0.20 −0.10 0.77 <0.005 −0.31 −0.10 0.88 <0.005

Wave + 25 −0.17 −0.10 0.72 <0.005 −0.32 −0.10 0.91 <0.005

Wave − 25 −0.17 −0.10 0.72 <0.005 −0.28 −0.10 0.88 <0.005

Shared + 25 −0.16 −0.10 0.69 <0.005 −0.30 −0.10 0.90 <0.005

Shared − 25 −0.19 −0.10 0.75 <0.005 −0.31 −0.10 0.91 <0.005

LCOE

Baseline 0.08 0.07 0.26 >0.995 0.05 0.03 0.07 >0.995

Wind + 25 0.10 0.07 0.19 >0.995 0.05 0.03 0.07 >0.995

Wind − 25 0.07 0.06 0.33 >0.995 0.04 0.03 0.08 >0.995

Sol + 25 0.09 0.08 0.29 >0.995 0.05 0.03 0.09 >0.995

Sol − 25 0.08 0.06 0.22 >0.995 0.04 0.02 0.04 >0.995

Wave + 25 0.08 0.07 0.26 >0.995 0.05 0.03 0.04 >0.995

Wave − 25 0.08 0.07 0.26 >0.995 0.04 0.03 0.10 >0.995

Shared + 25 0.09 0.08 0.29 >0.995 0.05 0.03 0.07 >0.995

Shared − 25 0.08 0.06 0.22 >0.995 0.05 0.03 0.07 >0.995

Solar capacity factor

Baseline 0.14 0.18 0.73 <0.005 0.10 0.18 0.92 <0.005

Wind + 25 0.13 0.18 0.81 <0.005 0.10 0.18 0.93 <0.005

Wind − 25 0.16 0.18 0.63 <0.005 0.10 0.18 0.91 <0.005

Sol + 25 0.16 0.18 0.67 <0.005 0.11 0.18 0.89 <0.005

Sol − 25 0.13 0.18 0.79 <0.005 0.10 0.18 0.93 <0.005

Wave + 25 0.14 0.18 0.73 <0.005 0.10 0.18 0.93 <0.005

Wave − 25 0.14 0.18 0.73 <0.005 0.11 0.18 0.89 <0.005

Shared + 25 0.15 0.18 0.71 <0.005 0.10 0.18 0.91 <0.005

Shared − 25 0.14 0.18 0.76 <0.005 0.10 0.18 0.92 <0.005
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Appendix B . Detailed maps

See Figs. B.10 and B.11.

Fig. B.10. Detailed results from the optimization, showing the fractions of a) OFPV, b) wave power and c) wind power under present-day cost assumptions.
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Fig. B.11. Detailed results from the optimization, showing the fractions of a) OFPV, b) wave power and c) wind power under near-future cost assumptions.
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Data availability

The processed data required to reproduce the above findings 

are available to download from https://doi.org/10.5281/zenodo.

19550644.
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