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Abstract. This study introduces a statistical track simulation framework integrated with
projected future climate data to assess the dual impact of climate change on offshore wind
turbines (OWTs), namely, the potential increased risk of structural failure and the opportunity
for enhanced power generation. Projections from the Shared Socio-economic Pathway SSP3-
7.0 scenario are used to evaluate future wind conditions, turbine safety, and energy production
potential. A Poisson regression model 1s used to simulate storm genesis, incorporating climate
variables as predictors. Additionally, a probabilistic framework 1s developed to evaluate
offshore wind turbine performance under wind hazards, using site-specific wind conditions to
estimate the probability of failure. The results reveal that northeastern sites, such as those in
Massachusetts and New Y ork, may experience higher wind speeds in year 2060 than historical
levels. This increase suggests greater energy generation potential, particularly during tropical
cyclones that weaken upon reaching these areas. These weaken storms often produce strong
wind but non-destructive winds, offering northeastern sites an opportunity to harness more wind
energy under future climate scenarios. In contrast, results highlight that designing for the
current climate but evaluating under future (SSP3-7.0) hazards leads to a rise in failure risk. By
examining both the risks and opportunities, this research highlights the importance of region-
specific strategies to optimize offshore wind energy deployment in a changing climate.

1 INTRODUCTION

Offshore wind energy is a renewable resource with significant growth potential, particularly
in the United States (U.S.). In 2020, the total installed wind capacity globally was 745 GW [1],
while the U.S. alone contributed 135.843 GW [2]. The U.S. aims to expand offshore wind
energy, targeting 30 GW by 2030 and 110 GW by 2050 [3]. As of April 2025, the U.S. Bureau
of Ocean Energy Management (BOEM) has designated numerous areas for offshore wind
development, including Wind Energy Areas (WEAs), lease areas, and call areas. These



Weichiang Pang and Susmita Bhowmik

designations span various regions of the U.S. Outer Continental Shelf (OCS), such as the
Atlantic Coast, the Gulf of Mexico, the Pacific Coast, and the Gulf of Maine [4]. While offshore
wind energy presents significant opportunities for expanding clean energy production, many of
these areas are vulnerable to hurricane impacts. Offshore wind turbines in hurricane-prone
regions face risks such as extreme wind loads, wave impacts, and potential structural failures
during severe tropical cyclones [5]. These risks are further amplified by climate change, which
1s projected to increase the intensity and frequency of major hurricanes. It may pose additional
challenges to the long-term reliability and safety of offshore wind infrastructure.

Previous studies have developed different methods to create a stochastic simulation of
hurricanes by simulating the frequency, intensity, and track of hurricane storms based on
historical data ([6],[7]). As the formulation of hurricanes depends heavily on climate conditions,
climate changes will impact the frequency, intensity, and track of hurricanes. Based on
historical data from the North Atlantic Ocean, previous studies have demonstrated a positive
correlation between sea surface temperature (SST) and the frequency and intensity of tropical
cyclones ([8],[9]). In addition, the Poisson regression model 1s widely used to simulate storm
genesls by incorporating climate variables such as sea surface temperature (SST), relative
humidity (RH), vertical wind shear (VWS), absolute vorticity (VO), and storm location through
statistical approaches ([10],[11]). Thus, this study explores the effects of rising SST due to
climate change on tropical cyclones, focusing on their impact on the risks and opportunities for
offshore wind energy production.

2 SIMULATION FRAMEWORK

This study generates synthetic hurricane tracks using a stochastic simulation framework
originally proposed in [12], as illustrated in Figure 1. The state of the storms and the simulation
procedure are described in previous studies ([6],[13]). This study uses two simulation models:
(1) a baseline model, which keeps current sea surface temperatures (SST) level in the intensity
model, and (2) a climate change model, which incorporates SSTs from SSP3-7.0 scenarios for
the year 2060 in the intensity model and also, new annual storms frequency using SSTs, relative
humidity (RH), and wind shear (WS) from SSP3-7.0 scenarios for the year 2060 to investigate
the climate change effects on OWTs.

2.1 Hurricane simulation model and climate change effects

The simulation model consists of several modules: the hurricane genesis model, tracking
model, intensity (central pressure) model, central pressure decay (filling rate) model, wind field
model, and boundary layer model. The simulation uses hurricane records from the HURDAT?2
database [14] from the start of satellite observations (1966) to 2021.

In this study, the Global climate model (GCM), CESM2 (USA) from the Coupled Model
Intercomparison Project Phase 6 (CMIP6) data repository [15] is used in the climate change
model. A total of 16 GCMs are chosen based on the High-Resolution Model Intercomparison
Project (HighResMIP) and Scenario Model Intercomparison Project (ScenarioMIP) parts of
CMIP6, data availability, and models considered in previous studies. CESM2 is selected after
assessing the performance of each GCM using weighted SST errors and calculating the
difference between SSTs from model and observation data. Figure 2 shows the monthly
averaged SST for September, while Figure 3 illustrates the difference in SST between observed
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and GCM-simulated values for the year 2020. The simulated sea surface temperatures (SSTs)
from the GCM reveal systematic biases. Therefore, implementing bias correction on these SST's

Storm statistics

I

+ Baseline model = Storm genesis
* Climate change model Annual hurricane frequency

4

Tracking model
- Calculate AV, A©

Check if on land

* Current climate = Sea surface Decay model
* SSP3-7 scenario temperature Record landfall locations,
u time and intensity
Relative
Intensity Model
4 4

Calculate central pressure, P,

I

RMW model and
Holland B model

4

Generate new
storm

Figure 1: Hurricane simulation framework.
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Figure 2: Monthly averaged sea surface temperature (SST) for September (a) SSP3-7.0 scenario for year 2060
(CESM2); (b) observation for year 2020 (ERAYS);
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Figure 3: Changes in monthly averaged sea surface temperature (SST) [2020 from (SSP3-7.0) minus 2020
observations (ERAS5)] based on the CESM2 model: (a) for September; (b) for all months (mean + standard

deviation).

is essential to enhance the accuracy of future projections. Kernel density estimation (KDE)
contours are used in Figure 3 to show the historical storm spawn locations from 1851 to 2021.
However, this study uses the as-simulated outputs from the CESM2 model to obtain the
preliminary results.

2.2 Genesis model

In the baseline model, the annual number of storms recorded in HURDAT?2 1s fitted to a
negative binomial distribution, with parameters R and P estimated using maximum likelithood
methods. The mean annual storm frequency 1s 16.82 storms/year, and the standard deviation 1s
5.12 storms/year based on historical storm data from 1966 to 2021. The probability mass
function of the distribution i1s given in Equation (1), where the random variable x represents the
number of storms in a year:

fa =17 Pra—-py 0

X

The annual number of storms in baseline model is randomly selected from the negative binomial
distribution fit using historical data.

The Poisson regression equation [10] is used to investigate the influence of climate change
on genesis activity. In regression, the expected number of hurricanes per month for each 5° by
5% grid cell, u, can be modeled as a linear pattern of predictor variables, Ty, RH, WS, VO, ¢ .
which represents grid-averaged monthly mean relative SST, RH at 600 hPa, VWS between the
850 and 200 hPa levels, relative vorticity at 850 hPa, and initial storm location, respectively.
The new mean annual storm frequency is 20.01 storms/year, and the standard deviation is 4.46
storms/year using climate variables for 2060 from CESM2 (USA).

u=exp (B + p1Ts + poRH + 3 WS + B,VO + logcosg) (2)

Where, S, 1s constant and [, to [, are the coefficients which are obtained by using least
square regression method.
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Figure 4: Cumulative distribution functions of observed and simulated annual spawn rates using (a) baseline
genesis model; (b) climate change genesis model.

2.3 Site selection

Wind hazard curves are developed for eleven offshore wind sites, as shown in Figure 3.
These include (1) six sites within active lease areas along the US East Coast, Vineyard Wind
(MA), Equinor (NY), Atlantic Shores Offshore Wind (NJ), US Wind (MD), Coastal Virginia
Offshore Wind Pilot (VA), and Kitty Hawk (NC); (2) two sites from proposed lease areas, South
Carolina (SC) and Texas (TX); and (3) three hypothetical shallow-water sites near Florida, FL1,
FL2, and FL3. These locations are selected to support the reliability and uncertainty analysis
by capturing a range of wind climate conditions across the Atlantic and Gulf of Mexico Outer
Continental Shellf.
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Figure 5: Locations of shallow water offshore wind energy sites.
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2.4 Risk and opportunity metrics

In this study, the NREL 5-MW reference turbine [16] is used to evaluate offshore wind
energy performance under wind-induced hazard conditions. Wind turbines are typically
designed for an operational lifespan between 20 and 30 years [17]. In this study, a target lifespan
of 25 years is assumed for performance evaluation.

To assess the risks and opportunities associated with climate change, three key metrics are
used:

(1) the wind hazard curve, representing peak wind speed versus mean return period (RP)

(2) the change 1n mean annual power generation (expressed as net gain/loss in kW-hr)

(3) the mean annual probability of tower failure (expressed as reliability index).

For Metric 1, wind speeds at a given site are estimated by selecting events from the 10,000-
year simulated hurricane catalog that pass within a 500 km radius of the location. This selection
radius 1s chosen to efficiently capture significant storm influences while minimizing
computational demand. Events beyond 500 km are assumed to have little or no impact on wind
speeds at the site.

The performance of the NREL 5-MW wind turbine 1s defined by its power curve (Figure 6),
which shows how wind speed affects power output. The turbine starts rotating and generating
power at a cut-in speed of 3 m/s and stops at a cut-out speed of 25 m/s to avoid damage. In this
study, it 1s assumed that power generation ceases when wind speeds at hub height reach or
exceed 25 m/s. The net power gain or loss (Metric 2) is evaluated by calculating the difference
between the mean annual energy output (E:) and the baseline energy production.

The baseline energy production 1s estimated using the following equation:

EH{ISE = CF X G(Vmax) X tj (3)

Where, CF is the capacity factor for each site, obtained from the Global Wind Atlas [18];
G(Vmayx) 1s the maximum power output of the turbine, # is the storm duration when wind speeds
exceed the average wind speed. The average wind speed is derived from the power generation
curve, which is determined based on actual generated power. The actual generated power is
calculated as the product of the capacity factor and the maximum power output.
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Figure 6: Power generation curve of the NREL 5-MW wind turbine.
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The mean annual power generation for one wind turbine from the wind energy of tropical
cyclones (£;) 1s computed using the following equation:

Tzl [ emd G (V,()de (4)

t=to

E
» Ysim

Where, Vi(t) 1s the hub height wind speed time history during the passage of the i-th tropical
cyclone within 500 km from the wind turbine; G(.) is the power curve function; Y 1s the total
simulation years; to 1s the starting time step; tend 1s the ending time step; N is the total number
of tropical cyclones in 10,000 years, that pass within 500 km of the wind turbine.

The mean annual tower failure probability (Metric 3), P4, 1s used to quantify the risk of

tropical cyclones.
Pri(v) = [,2y Per(v) X F(v, T)dv ()

Where, P, (v) 1s the site-specific annual exceedance probability of wind speed and F.(v,T,)
1s the tower buckling fragility curve defined as a function of thrust capacity and wind speed.
The tower buckling fragility curve is expressed as:

FT(TC-cTDlv):l—cD( Ye —Pp(v) ) (6)

Vé¢ + (G ()

where F.(T; < Tp| v) is the probability of tower buckling failure defined in terms of thrust
capacity , T, and thrust demand, T, at a given wind speed, v. Y. is the logarithmic mean of
thrust capacity and Y, is the logarithmic mean of thrust demand as a function of wind speed.
¢c 1s the logarithmic standard deviation of thrust capacity and ¢, is the logarithmic standard
deviation of thrust demand as a function of wind speed. In this study, &, 1s considered as 0.15
based on material and geometric uncertainty.

The annual failure probability is calculated for the dominant load case (DLC 6.2) by
convolving the fragility curve with a site-specific hazard curve (Equation 5). The as-designed
fragility curves are generated for two yaw configurations: 0° yaw and 65° yaw. It is observed
that the maximum thrust occurs at a 65° yaw error. The demand parameters for the 0° yaw
configuration are computed using the equation y = 0.0754x18877  while those for the 65° yaw
configuration are from the equation y = 0.2626x2.

Four distinct scenarios are analyzed to compute the annual probability of failure: (1)
Case 1 (D¢ and Hec): The design is based on the maximum wind speeds for each event under
the current climate, and the site-specific hazard curve corresponds to the current climate
conditions. (2) Case 2 (D.. and Hssp): The design 1s based on the maximum wind speeds for
each event under the current climate, while the site-specific hazard curve corresponds to the
projected climate conditions for the year 2060. (3) Case 3 (Dssp and Hcc): The design 1s based
on the maximum wind speeds for each event under the projected climate conditions in 2060,
while the site-specific hazard curve corresponds to the current climate conditions. (4) Case 4
(Dssp and Hssp): The design 1s based on the maximum wind speeds for each event under the
projected climate conditions for 2060, and the site-specific hazard curve also corresponds to
the projected climate conditions for 2060.




Weichiang Pang and Susmita Bhowmik

3 RELIABILITY AND UNCERTAINTY ANALYSIS

3.1 Wind hazard

As per the IEC 61400-1 standard [19], the structural design of wind turbines is based on the
10-minute average wind speeds at hub height, considering return periods of 50 and 500 years.
Figure 7 illustrates the hurricane wind hazard curves for both the current climate and the
projected climate scenario SSP3-7.0 for the year 2060 across eleven wind turbine locations.
The findings indicate a notable rise 1n design wind speeds for future scenarios due to climate
change. For instance, at the MA site, there 1s an approximate 46% increase in peak wind speed
for the future scenario SSP3-7.0 (CESM2 (USA)) with a 50-year return period and a 34%
increase for a 500-year return period. Table 1 presents the peak wind speeds for all eleven sites
for both 50- and 500-year return periods, along with the differences between current and future
climate conditions.

3.2 Power generation change

The distribution of the power generation across the 10,000-year database of hurricane storms
gave an indication of the variability in power generation due to hurricanes. An example of this
variability is shown in Figure 8 for the Massachusetts site (MA), which compares the power
generation for years where the power generation was non-zero (1.e., at least one storm passed
within 500 km of the site). The annual power generation change (net gain) from tropical
cyclone-induced winds of each of the eleven analyzed sites 1s described in Figure 9. As
expected, the highest power generation (net gain) was predicted at the sites that are largely
considered the most susceptible to hurricanes (North Carolina, South Carolina and Florida).
Additionally, the change in power production, considering the increase in sea-surface
temperature due to climate change, 1s most significant for states further north (Massachusetts,
New York, New Jersey, and Maryland), at as much as 50%. The sites further south and in the
Western Gulf Coast show a decline in power generation under future sea-surface temperature
conditions, indicating that climate change may reduce wind energy potential in these regions
compared to the current climate.

3.3 Probability of failure

In this study, the structural capacity was assessed based on ULS, with results presented for
DLC 6.2, representing one of the ultimate design's critical loading scenarios. It is important to
note that wind turbine towers are typically designed by fatigue considerations rather than
ultimate limit state (ULS) criteria, with critical sections often operating at less than 50%
utilization. The annual probability of failures is converted into a reliability index for better
visualization. Figure 10 illustrates the annual reliability index for each site, corresponding to 0°
yaw error and 65° yaw error, respectively.

The findings reveal a detectable increase in the likelihood of failure across all sites when
accounting for a changing climate. Notably, if the tower 1s designed for the current climate and
evaluated using the current climate hazard curve, or if it 1s designed for the future scenario
(SSP3-7.0 for the year 2060) and evaluated using the future hazard curve, both scenarios yield
similar annual probabilities of failure for 65° yaw error. However, if the tower 1s designed for
the current climate but evaluated using the future hazard curve, the annual probability of failure




Weichiang Pang and Susmita Bhowmik

increases substantially. Conversely, if the tower is designed for the future climate but evaluated
using the current hazard curve, the annual probability of failure is significantly lower.
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Figure 7: 10min averaged peak wind speed at hub height (90m) versus mean return interval for each of the
offshore wind energy sites under current climate (baseline) and year 2060 SSP3-7.0 climate (CESM2).

Table 1: Peak wind speeds for all eleven sites (m/s)

Site 50-Year RP 500-Year RP
Baseline SSP3- % Baseline SSP3- %
7.0  Difference 7.0  Difference
MA 39.5 57.8 46 52.0 69.6 34
NY 374 50.5 35 49.9 64.9 30
NJ 38.9 51.3 32 50.1 66.0 32
MD 40.4 53.5 32 53.6 66.4 24
VA 43.8 573 31 55.4 71.4 29
NC 46.4 59.8 29 58.9 72.0 22
SC 51.5 59.7 16 65.0 76.3 17
FL1 55.0 61.6 12 68.5 78.2 14
FL2 56.2 66.1 18 70.4 81.6 16
FL3 48.5 58.0 20 63.0 73.6 17
X 51.7 55.9 8 66.3 113 17
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4 CONCLUDING REMARKS

This study presents a framework to evaluate the impacts of climate change on offshore wind
turbines, specifically examining how rising sea surface temperatures influence offshore wind
energy production, considering both risks and opportunities. The analysis focuses on the
significant wind loads generated by hurricanes on offshore wind turbines with fixed bottom
support structures, while wave loads are not considered.

The results show a notable increase in wind speeds at the examined wind turbine sites by the
year 2060, attributed to elevated sea surface temperatures. In this study, the as-projected climate
outputs from a global climate model (GCM) were used to derive preliminary results. A
comparison between the model projected and observed sea surface temperatures for the year
2020 revealed biases exist in the model. Future analyses will incorporate bias correction
techniques to improve the accuracy of climate projections and produce more representative
outcomes.

In assessing the benefits, it was found that the greatest potential for additional power
generation from wind and the energy of non-direct hits from tropical cyclones lies in regions
with a higher frequency of hurricanes, such as North Carolina, South Carolina, and Florida.
Furthermore, the impact of rising sea surface temperatures on additional power generation from
tropical cyclones 1s most pronounced in northern states, including Massachusetts, New York,
New Jersey, and Maryland, where increases of up to 50% may be observed when compared to
current climate.

This study evaluates hurricane-related risks to offshore wind turbines at each location by
integrating fragility curves with site-specific hazard data. Results show that designing turbines
for current climate conditions but subjecting them to future hazards notably increases the risk
of structural failure. In contrast, designing for future climate conditions enhances structural
reliability, even when evaluated under present-day hazards. These findings underscore the
importance of incorporating future climate projections into offshore wind turbine design to
ensure long-term structural performance and reliability.
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