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 a b s t r a c t

The Laurentian Great Lakes represent a vast and largely untapped potential for offshore wind energy that is 
crucial for regional decarbonization, energy security, and economic development. However, seasonal freshwater 
ice introduces unique engineering and operational risks, especially since limited availability of ice data poses 
challenges to safe and cost-effective design. To address this gap, we apply a fully coupled three-dimensional 
hydrodynamic-ice model (FVCOM–CICE) to simulate ice conditions across all five Great Lakes over an 83-year 
period (1940–2022). The model, validated against satellite and in-situ measurements, yields detailed spatial and 
temporal distributions of ice concentration, thickness, and velocity. To provide an integrated assessment for wind 
energy development, a composite ice intensity index is introduced by synthesizing ice momentum, packed ice 
risk, and icing severity. This index enables site-specific quantification of overall ice hazards to support more 
robust wind turbine siting, design, and risk mitigation. A case study is also presented to demonstrate practical 
applications of simulated ice data in evaluating ISO/IEC design ice load limits on offshore wind platforms. Results 
reveal that extreme ice hazards are prevalent in Lake Erie, Lake Huron, and parts of Lake Superior, while Lake 
Ontario and central and southern regions of Lake Michigan exhibit consistently lower ice risks. This paper offers 
a foundation for resilient offshore wind infrastructure and supports multi-criteria decision frameworks in this 
region.

1.  Introduction

The Laurentian Great Lakes represent a region of substantial wind 
energy potential, with overall estimated capacities exceeding 743 GW 
(Musial and Ram, 2010), of which 575 GW are located within U.S. wa-
ters (Lopez et al., 2022). Leveraging this resource is vital to enable the 
eight surrounding U.S. states to meet ambitious decarbonization goals 
set for 2040–2050 (Sutherland and Scanlan, 2025), while also advanc-
ing renewable energy adoption, enhancing energy security, and stimu-
lating local economies. Despite this promise, the unique environment of 
the Great Lakes presents substantial technical barriers to offshore wind 
development. The recurring formation of seasonal freshwater ice intro-
duces significant structural and operational complexities for both fixed-
bottom and floating offshore wind turbines in this region (Musial and 
Ram, 2010; Musial et al., 2023; Javaherian et al., 2025b).

Some of the ice hazards associated with offshore wind structures in 
cold-climate regions are illustrated in Fig. 1. For fixed offshore wind 
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platforms, the ice-structure interaction can induce substantial static and 
dynamic loads that compromise long-term structural integrity and ac-
celerate fatigue (Hammer et al., 2023; Zou et al., 2024; Huang et al., 
2025). Moreover, specific ice conditions can trigger the non-linear 
phenomenon of Ice-Induced Vibration (IIV), which can lead to Fre-
quency Lock-In (FLI) phenomenon, resulting in excessive structural vi-
bration and fatigue damage (Zhu et al., 2021; Wu et al., 2024b). Float-
ing offshore wind platforms in cold-climate regions are also highly 
susceptible to ice accumulation and severe impacts by moving ice 
floes that can impair the platform stability, impose critical damage to 
mooring systems, and compromise energy production (Barooni et al., 
2022; NYSERDA, 2022). Underestimating ice loads can cause struc-
tural failure and/or major incidents for maritime structures (Wu et al., 
2024a; Fang et al., 2000). On the other hand, overestimating ice 
loads due to high uncertainty may result in overly conservative struc-
tural designs, leading to increased construction and installation costs
(Musial et al., 2023).
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Fig. 1. Ice hazards associated with offshore wind platforms in cold-climate regions. Plots show a) packed ice around a turbine [credit: from N.N. for Suomen 
Hyötytuuli (NREL, 2023)], b) ice impacting fixed (top) and floating (bottom) offshore wind turbines [credit: NYSERDA (2022)], and c) icing on the turbine blades 
[credit: Okulov et al. (2021)].

As an additional consideration, air-sea interactions near offshore 
wind turbines can result in water droplets being sprayed onto both the 
platform and turbine blades. In the cold climate of the Great Lakes, 
these droplets can freeze rapidly and lead to the accumulation of ice 
on structural components (Fig. 1(c)). Ice buildup imposes additional, 
often asymmetric, loading on the platform and turbine, which can com-
promise structural stability and integrity. Furthermore, icing on tur-
bine blades alters their shape and surface roughness, significantly de-
teriorating the aerodynamic performance of the turbine. Icing can also 
contribute to ice-throwing risks that can pose serious safety hazards to 
nearby structures or personnel. Studies indicate that icing is a major 
source of generation loss in cold-climate regions that can result in power 
losses ranging from 20–50% (Zhang et al., 2024; Etemaddar et al., 2014; 
Tammelin et al., 2000).

Unlike ocean waters, the freshwater in the Great Lakes freezes at 
a higher temperature due to its lower salinity. The absence of salinity 
also results in harder, denser, and more persistent ice formation. This 
makes both ice loads and icing events in the Great Lakes particularly se-
vere and potentially more damaging than those in other marine environ-
ments. Therefore, offshore wind turbines in this region must be strategi-
cally sited, robustly engineered, and diligently maintained to withstand 
these unique ice-related challenges. Consequently, gaining a thorough 
understanding of ice properties, their seasonal variability, and the oc-
currence of extreme ice events is crucial. Such understanding ensures 
that offshore wind sites and structures in the Great Lakes are designed 
and operated with reliability, economic efficiency, and resilience to a 
changing climate.

Despite the eminence of ice hazards, observational data on ice con-
ditions in the Great Lakes remain significantly limited in both extent 
and accuracy, which poses major challenges for offshore wind develop-
ment. Satellite-driven ice observations, such as those provided by the 
U.S. National Ice Center (NIC), offer valuable data on ice concentration 
but are constrained by factors like cloud cover interference and tempo-
ral and spatial averaging, which can obscure the local variations critical 
for engineering assessments. Additionally, other essential ice parame-
ters, such as ice thickness and velocity, are either sparsely available or 
not captured in these observational records. While in-situ measurements 
offer greater detail, they are scarce, geographically isolated, and insuf-
ficient to yield comprehensive lake-wide insights. These gaps in data 
availability and quality hinder the ability to accurately characterize ice 
loads and dynamics essential for structural design and operational plan-
ning. Importantly, recent assessments, including the Musial et al. (2023) 
report, highlight that the characterization of ice conditions and extreme 
ice load values remains poorly represented and is a major missing com-
ponent in Great Lakes offshore wind research. This underlines a critical 
need for improved ice modeling to inform safe and cost-effective infras-
tructure development.

To address this gap, this study uses a three-dimensional 
hydrodynamic-ice modeling framework to simulate historical ice 
conditions in the Great Lakes from 1940 to 2022. The modeling 
approach, utilizing FVCOM–CICE, captures detailed lake-wide ice be-
havior in terms of concentration, thickness, and velocity. By generating 
an extensive 83-year record of ice data, this work provides a detailed 
analysis of long-term spatial and temporal ice patterns relevant to 
offshore wind energy development. The simulations are rigorously 
validated against satellite observations and in-situ measurements, 
demonstrating strong model skill. Key outputs include spatial maps of 
mean, extreme maximum, and 90th percentile ice metrics to identify 
areas with relatively low ice hazards for informed project siting and 
design. Additionally, this research introduces a novel composite ice 
hazard index that integrates ice momentum, packed ice pressure, and 
icing severity. This index provides a comprehensive assessment of ice 
risks, capturing both the mechanical and environmental challenges 
unique to the Great Lakes. By offering actionable insights into these 
hazards, the study supports more informed offshore wind siting and 
design decisions. Ultimately, this work advances the characterization of 
ice-related risks, helping to address one of the most significant technical 
barriers to the development of future offshore wind infrastructure in 
the Great Lakes region.

The remainder of this paper is structured as follows: Section 2 details 
the datasets employed and elaborates on the numerical configuration 
of the coupled FVCOM–CICE hydrodynamic-ice model used to simulate 
Great Lakes ice conditions over the historical period 1940–2022. Sec-
tion 3 presents the validation of the model outputs against satellite and 
in-situ observations, followed by a comprehensive analysis of the spa-
tial and temporal patterns of ice concentration, thickness, and velocity 
across the lakes. Section 4 introduces derived metrics such as ice mo-
mentum, packed ice probability, and icing severity, culminating in an 
integrated ice intensity index for hazard assessment. Additionally, a case 
study is presented in this section that demonstrates how the long-term 
hindcast data can inform site-specific load analysis based on common 
design standards for offshore platforms. Finally, Section 5 summarizes 
the key findings and discusses their implications for offshore wind siting 
and design in the Great Lakes.

2.  Methodology and data

2.1.  Data

Several datasets were utilized in this study to support both the setup 
and validation of the coupled FVCOM–CICE hydrodynamic–ice model 
simulations. Ice simulations were primarily forced using the ERA5 at-
mospheric reanalysis product (Hersbach et al., 2020), a fifth-generation 
dataset produced by the European Centre for Medium-Range Weather 
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Forecasts (ECMWF). ERA5 offers hourly meteorological fields (e.g., wind 
speed, surface air temperature, pressure, precipitation, and radiation 
fluxes) at approximately 31 km spatial resolution from 1940 to the 
present. These data provide thorough and temporally consistent cov-
erage for all five Great Lakes, making ERA5 an ideal baseline dataset 
for long-term hindcast studies.

Model sensitivity analyses revealed that ERA5 exhibits a persistent 
cold bias in winter air temperature over Lake Superior (see discussions 
for Fig. 4(a) and (b)), a deficiency also documented in recent reanalysis 
studies and hydrodynamic modeling work across the region (Minallah 
and Steiner, 2021; Simmons et al., 2021; Wang et al., 2025). This dis-
crepancy is mainly attributed to poorly parameterized lake-atmosphere 
interactions in the ERA5 reanalysis product, posing a significant bias for 
Lake Superior, as it has the largest depth and surface area among the 
Great Lakes (Simmons et al., 2021). Consequently, this leads to high-
biased ice cover and ice thickness simulations during the core winter 
months. To address this issue, Lake Superior simulations were re-run 
using meteorological forcing from the North American Regional Reanal-
ysis (NARR) (Mesinger et al., 2006). NARR provides 3-hourly meteoro-
logical variables at a nominal 32 km resolution with improved repre-
sentation of regional climate dynamics over North America. Replacing 
ERA5 with NARR for Lake Superior substantially improved the predicted 
ice data, aligning the results more closely with the satellite observations. 
The other four lakes retained the ERA5 dataset as atmospheric forcing, 
as no significant systematic biases were observed in those basins. This 
enabled a longer hindcast for these lakes covering years of 1940-2022 
using ERA5 forcing, while NARR data are only available for 1979 on-
ward.

Bathymetry data for the model grid were obtained from the NOAA 
National Centers for Environmental Information (NCEI) and the Na-
tional Geophysical Data Center (NGDC) joint database. For model val-
idation, remote-sensing datasets from the NOAA Great Lakes Environ-
mental Research Laboratory (GLERL) were utilized, including satellite-
derived ice concentration and thickness data processed by the U.S. Na-
tional Ice Center (NIC). These products were employed to assess both 
the temporal and spatial variability of modeled ice cover from 1973 
onward. In addition, in-situ ice thickness measurements collected us-
ing an ASL Environmental Sciences Shallow Water Ice Profiler (SWIP) 
in Lake Erie during the winter of 2011 (Hawley et al., 2018) pro-
vided independent validation for simulated ice thickness data. Acous-
tic Doppler Current Profiler (ADCP) measurements from Lake Supe-
rior (Titze and Austin, 2016) were also used to validate modeled ice
velocities. 

2.2.  Hydrodynamic-ice modeling framework

The numerical setup for this study employs the FVCOM–CICE framework 
as a sophisticated, fully coupled, and three-dimensional hydrodynamic-
ice modeling system that is specifically configured for the Great Lakes 
region.

The core framework utilizes the Finite Volume Community Ocean 
Model (FVCOM), which is a widely employed unstructured-grid and 
finite-volume ocean model (Chen et al., 2003, 2006). This model fea-
tures an unstructured mesh of triangular control elements in the hori-
zontal domain and employs terrain-following 𝜎-coordinates in the ver-
tical domain. FVCOM is designed to compute fluxes through solving the 
governing primitive equations and provide high-resolution simulations 
of fluid motion, temperature, and other dynamic properties.

Ice dynamics are incorporated by coupling FVCOM with the unstruc-
tured grid version of the CICE model, which is developed by Gao et al. 
(2011) as an advanced adaptation of the original Los Alamos Commu-
nity Ice Code (CICE). This model employs a sophisticated unstructured-
grid and finite-volume approach and uses energy-conserving thermo-
dynamics (Hunke and Lipscomb, 2006), energy-driven ridging schemes 
(Thorndike et al., 1975; Hibler III, 1979; Lipscomb et al., 2007), 
and elastic-viscous-plastic momentum equations (Hunke and Dukowicz, 

Fig. 2. The Great Lakes and their bathymetry forming the computational do-
main of this study. The south-western region of Lake Huron, also known as 
Saginaw Bay, is magnified with detailed view to depict the unstructured grid 
utilized in the FVCOM–CICE framework.

1997; Hunke, 2001; Hunke and Dukowicz, 2002) to effectively simulate 
key ice properties, including ice concentration, velocity, and thickness. 
Coupled with CICE, the specific FVCOM version utilized in this study 
(ver. 4.4.2) has been successfully tested and validated for the Great 
Lakes (Abdelhady et al., 2025a,b).

In this study, the above-mentioned FVCOM–CICE model is em-
ployed to simulate ice behavior in Lakes Michigan, Huron, Erie, and 
Ontario during the 1940-2022 period. The simulations in Lake Supe-
rior are restricted to 1979-2022 due to limited NARR forcing data
availability.

Fig. 2 illustrates the computational domain, encompassing Lakes Su-
perior,  Michigan,  Huron,  Erie, and  Ontario. The domain utilizes an 
unstructured triangular grid with an average horizontal resolution of 
approximately 3.5 km (see the detailed view of the southwestern part 
of Lake Huron, Saginaw Bay). It is important to note that the model 
neglects connecting channels and river inflows, treating the basins as 
largely isolated except for the natural connection between Lakes Michi-
gan and Huron. Vertically, the model is resolved by 21 terrain-following 
𝜎-levels, which are strategically designed to enhance resolution near the 
surface and bottom boundaries for accurate boundary layer process cap-
ture. The model is initialized on January 1st, 1940 (1979 in the case of 
Lake Superior), with a uniform temperature of 4◦C across all lakes. This 
temperature serves solely as a reasonable starting point for early-winter 
conditions in the Great Lakes and has negligible effects on the long-
term results, as the model equilibrates over the initial spin-up period. 
The simulations were configured with a 3-second external time step and 
a 60-second internal time step, using a split ratio of 20. Throughout the 
simulation period, 3-hourly output is recorded for subsequent analysis. 
Further technical details of the model setup and configurations can be 
found in Cannon et al. (2024), and Abdelhady et al. (2025b). Further-
more, for a systematic analysis on the sensitivity of other model param-
eters readers are referred to Cannon et al. (2024) and Javaherian et al. 
(2025a).

3.  Simulation results

3.1.  Validation

To initiate model validation, the lake-averaged ice cover was evaluated 
for each lake. This metric, denoted as 𝐼𝐶, quantifies the mean ice con-
centration over the lake’s surface. The ice cover is computed as the ratio 
of the sum of the products of ice concentration and the area of each com-
putational cell within the lake to the total lake area, as defined by:

𝐼𝐶 =
∑𝑁

𝑛=1
[

A𝑛 aice,n
]

∑𝑁
𝑛=1 A𝑛

, (1)
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Fig. 3. Lake-averaged ice cover in Lakes Superior, Huron, Michigan, Erie, and Ontario in different years. The FVCOM (ERA5) model denotes the simulation for Lake 
Superior only that is driven by ERA5 forcing dataset. The FVCOM (Synthesized) model refers to simulations driven by the ERA5 dataset for Lakes Huron, Michigan, 
Erie, and Ontario, whereas Lake Superior’s simulation uses the NARR forcing dataset. The rest of the paper is based on the FVCOM (Synthesized) model.

where A𝑛 represents the area of the 𝑛𝑡ℎ cell in the lake domain, aice,n
is the ice concentration in that cell, and 𝑁 is the total number of cells 
covering the lake.

Fig. 3 presents a comparison between the simulated lake-averaged 
ice cover and satellite-derived observations from the National Ice Center 
(NIC), which have been available since 1973 and serve as the valida-
tion benchmark for this study. The FVCOM (Synthesized) terminology 
used here refers to simulations driven by the ERA5 dataset for Lakes 
Huron, Michigan, Erie, and Ontario, whereas NARR dataset for Lake 
Superior. Overall, the model closely replicates the observed ice cover 
across all lakes, capturing both low and high ice years during the ex-
tended study period. Notably, the simulated ice cover for Lake Supe-
rior shows a marked improvement when using NARR forcing compared 
to the ERA5-based estimates, labeled as FVCOM (ERA5). The overes-
timation of ice cover in the ERA5-driven Lake Superior simulation is 
attributed to a cold bias in the ERA5 winter air temperature forcing (see 
Fig. 4(a) and (b)). The results and analyses presented in this paper are 
based exclusively on the FVCOM synthesized model that incorporates 
these improvements.

The cold bias present in ERA5 air temperature data over Lake Su-
perior is illustrated in Fig. 4(a), for two representative winter seasons: 
1983 and 2011. In this figure, air temperature from ERA5 and NARR is 
compared against daily averaged measurements from multiple coastal 
weather stations around the lake (Fujisaki-Manome et al., 2024). It is 
evident that ERA5 consistently reports significantly lower temperatures 
than both NARR and the station-based observations (reaching up to 10◦
C difference). To evaluate this for a longer period, Fig. 4(b) illustrates 
the differences between lake-averaged ERA5 and NARR air tempera-
ture over Lake Superior during their common period (1979-2022). This 
difference is quantified through boxplots summarizing the monthly dis-
tribution of temperature differences, with median values showing ERA5 

temperatures to be consistently lower during winter months. Since air 
temperature serves as a key forcing input in the modeling framework, 
this cold bias can lead to substantial overestimation of ice cover in sim-
ulations. As shown in Fig. 4(a), NARR provides a closer approximation 
to observed temperatures, thus improving model accuracy for Lake Su-
perior. The forcing correction, using NARR data to force simulations for 
Lake Superior, is essential for reliable modeling outcomes as demon-
strated by the improved agreement between simulations using NARR 
forcing and observed ice data for this lake (Fig. 3). Despite this lim-
itation, the ice cover simulations for the other Great Lakes show good 
agreement with observed data (Fig. 3). It is also worth emphasizing that 
ERA5 was selected for this work due to its longer historical record, span-
ning from 1940 to the present, compared with NARR’s coverage begin-
ning in 1979.

Fig. 5 presents a detailed comparison between NIC observed ice 
concentrations (Fig. 5(a)–(c)) and the FVCOM model simulations 
(Fig. 5(d)–(f)) for January, February, and March of 2011. The model 
demonstrates strong consistency with the observed data, effectively re-
producing the seasonal evolution of ice formation and melting through-
out the entire domain. In particular, the simulation captures the progres-
sive increase in ice coverage during January and the subsequent decline 
during March. It is worthwhile to mention that some lower-latitude re-
gions, such as Lake Erie, exhibit higher ice concentrations compared 
to higher-latitude lakes. This is mainly due to shallow bathymetry (see 
Fig. 2) and lower heat storage in these regions, which enable faster 
cooling and freeze-up compared to deeper northern lakes. As noted ear-
lier, the model does not incorporate streamflow forcing from river in-
flows, which could also affect regional ice dynamics and may contribute 
to discrepancies between simulations and observations in the vicinity 
of the channels and rivers. However, neglecting connecting channels 
and river inflows is a standard simplification in lake-wide Great Lakes 
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Fig. 4. The ERA5 cold-biased air temperature at Lake Superior; a) Comparison of lake-averaged air temperature between ERA5 and NARR datasets for the repre-
sentative winter seasons of 1983 and 2011. The lake-averaged measurements correspond to daily averages recorded at multiple weather stations encircling Lake 
Superior (Fujisaki-Manome et al., 2024). b) Boxplot showing the deviation between lake-averaged air temperature from ERA5 and NARR datasets (ERA5–NARR) 
for the common period (1979–2022). The lower and upper box boundaries indicate the 25th and 75th percentiles, respectively. The central line denotes the median, 
whiskers extend to 1.5 × the interquartile range, and outliers are plotted as individual points.

Fig. 5. Comparison between monthly average ice concentration from the proposed FVCOM framework with NIC observations in winter 2011. The NIC satellite data 
(a, b, and c) are plotted with FVCOM predictions (d, e, and f) for months of January (a and d), February (b and e), and March (c and f) 2011.

hydrodynamic-ice models, justified by their minor contribution to total 
lake volume and basin-averaged ice properties (Fujisaki et al., 2013).

To assess the temporal accuracy of the model, ice cover predictions 
at Station 4a (see Fig. 2) during February 2011 were compared against 
observational datasets. Fig. 6(a) illustrates the time series of ice concen-
tration from the FVCOM model alongside NIC satellite-driven observa-
tions. Both datasets display consistently high ice cover, often exceed-
ing 90%, during the first half of February, followed by a sharp decline 
around February 17 to values close to 0%, and a subsequent rebound to-
wards the end of the month. The model successfully captures the timing 
and magnitude of these fluctuations, though it exhibits slightly more 
variability than the observations. It is important to acknowledge that 

uncertainties inherent in the NIC data, such as cloud cover interference, 
may contribute to some discrepancies, as shown in Fig. 13(f) of Java-
herian et al. (2025a). Fig. 6(b) presents a comparison of ice thickness 
between the FVCOM simulations, NIC estimates, and in-situ measure-
ments from Hawley et al. (2018). The modeled ice thickness aligns well 
with measured data and accurately reflects both the temporal trends and 
magnitude throughout the period. While the ice thickness remains close 
to 0.5 m at the first half of February, a reduction in the ice thickness is 
observed starting from February 15. This matches with the reduction in 
the ice concentration at this time, as was observed in Fig. 6(a). The ice 
thickness slightly increases towards the end of February, as  higher ice 
concentration values were observed in this period.
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Fig. 6. FVCOM predictions are evaluated against observations and measure-
ments at Station 4a in Lake Erie (see Fig. 2). The comparisons include model 
predictions with: a) NIC ice concentration data, and b) NIC-driven estimates of 
ice thickness alongside direct in-situ measurements reported by Hawley et al. 
(2018).

Fig. 7. FVCOM results are compared with observations and measurements at 
Station WM in Lake Superior (see Fig. 2). Results show comparisons between 
simulations and a) NIC ice concentration data,  b) Titze and Austin (2016) ice 
velocity measurements.

Fig. 7 demonstrates ice concentration (Fig. 7(a)) and ice veloc-
ity (Fig. 7(b)) at Station WM, located in Lake Superior (see Fig. 2),
during February 2014. This location and time frame were chosen to 
enable comparison between FVCOM-predicted ice velocities and mea-
surements reported by Titze and Austin (2016). With ice concentration 
remaining in the range of 95–100%, the ice velocity exhibits significant 
fluctuations throughout the month, driven primarily by varying wind 
speeds at this station. Fig. 7(b) reveals that the predicted ice velocity, 
which is an important factor in the FLI evaluation, is slightly underes-
timated compared to the measurements. This is primarily attributed to 
the coarse spatial resolution of the domain (∼3.5 km) and ERA5/NARR 
atmospheric forcing (∼31-32 km) compared to the localized point mea-
surements at Station WM. Forcing fields can be downscaled or corrected 
using high-resolution meteorological observations at target sites to yield 
more accurate ice velocity predictions and consequently, refined site-
specific FLI analysis. Yet, the comparison shows  reasonable accuracy 
in predicted ice concentration and velocity results that reinforces the 
model’s capability to reliably reproduce key ice properties  in the Great 
Lakes.

3.2.  Ice concentration

Ice concentration, the fraction of surface area covered with ice, is a crit-
ical factor for the design and operation of offshore wind structures. This 
parameter reflects the frequency and extent of ice exposure to the plat-
form that directly impacts operational safety, maintenance planning, 
and material selection for the structure. Fig. 8 provides a detailed anal-
ysis of ice concentration variability across the Great Lakes to highlight 
regional differences that inform site selection and structural considera-
tions.

Fig. 8(a) displays the spatial patterns of mean annual maximum ice 
concentration for the Great Lakes over the study period. This metric is 
computed by first identifying the maximum ice concentration at each 
location for each year, then calculating the average of these maxima 
across all years. The results indicate that Lakes Erie and Lake Huron 
consistently exhibit the highest maximum average ice concentrations, 
with peak values often exceeding 90%. Coastal zones, such as northern 
Lake Michigan, also illustrate higher average ice concentrations as they 
generally tend to freeze more quickly due to their shallow depth and as-
sociated low thermal inertia. Conversely, Lake Ontario predominantly 
experiences ice concentration below 30%, as central and southern re-
gions of Lake Michigan generally remain under 40%.

Fig. 8(b) maps the maximum annual ice concentration or, in other 
words, the most extreme maximum ice concentration recorded over the 
full study period at each grid cell. The map reveals that the entire surface 
area of the Great Lakes has experienced full ice coverage at least once 
over the recorded period. This emphasizes the potential spatial extent 
of ice during the most severe winter conditions.

Lastly, Fig. 8(c) shows the 90th percentile ice concentration in win-
ters for the Great Lakes. This metric reflects the ice cover values that 
are exceeded only 10% of the time, reflecting frequently high but not 
extreme ice conditions. This figure reveals persistent high ice concen-
trations, often above 90%, in Lake Superior, Lake Erie, Lake Huron, and 
northern Lake Michigan, where coastal areas frequently see high ice con-
centration values. In contrast, Lake Ontario and the central and south-
ern basin of Lakes Michigan generally experience considerably lower ice 
concentrations that are frequently below 10%.

3.3.  Ice thickness

Ice thickness is another key parameter influencing offshore infrastruc-
ture design, as it dictates the vertical extent to which structures must 
resist ice forces and determines the magnitude of ice-induced loads. Ac-
curately characterizing ice thickness variability is therefore vital for en-
gineering design in ice-prone environments. An analysis of ice thickness 
variability over the Great Lakes is presented in Fig. 9. In this figure, only 
days with ice concentration exceeding 5% are taken into account, and 
thus, the ice-free days are excluded. This focused approach ensures that 
the resulting statistics from both mean and 90th percentile values reflect 
active ice season conditions (typically spanning two to four months an-
nually across the lakes). Inclusion of no-ice days would otherwise sub-
stantially reduce these values and compromise the representativeness of 
the ice season.

Fig. 9(a) maps the long-term average of annual maximum ice thick-
ness from 1940 to 2022, computed by recording the peak thickness each 
year at every location and calculating their average over the study pe-
riod (again, results for Lake Superior cover 1979-2022). The spatial ice 
thickness distribution reveals that thicker mean ice values are seen in 
the east basin of Lake Erie (up to 1.2 m), as well as the east and north-
east side of Lake Huron (up to 0.8 m). In contrast, much thinner ice 
prevails in the central basins of all lakes, commonly below 0.4 m, with 
particularly low values (under 0.10 m) in central Lake Michigan and 
Lake Ontario. These patterns illustrate strong spatial variability driven 
by regional factors such as shallower bathymetry and/or colder local-
ized climates in northern and coastal zones.
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Fig. 8. Ice concentration results spanning the long-term period from 1940 to 
2022. The plots illustrate: a) the mean of  annual maxima, b) the max of  annual 
maxima (extreme maximum), and c) the 90th percentile of ice concentration 
derived from the 83-year dataset.

The most extreme thickness values observed over the 83-year record 
are illustrated in Fig. 9(b). The thickest ice, up to around 4-4.5 m, de-
velops in the eastern basin of Lake Erie along with the eastern regions 
of Lake Huron. This is consistent with some of the extreme ice thickness 
values reported by winter measurements in Lake Erie (Hawley et al., 
2018). In contrast, Lake Ontario, central Lake Huron, and Lake Michi-
gan’s southern areas show far lower peak thicknesses.

Fig. 9(c) depicts the 90th percentile of ice thickness for the simulation 
period. This represents the ice thickness values that are exceeded only 
10% to capture frequently high, but not most extreme ice conditions. 
The results indicate that ice thickness generally stays below 0.5 m in 
the central basins of Lakes Michigan and Huron, with significantly lower 
values at Lake Ontario. However, the 90th percentile ice thickness values 
may reach 1-2 m in eastern areas of Lake Erie and Lake Huron, as well 
as the coastal regions of Lake Superior.

3.4.  Ice velocity

Ice velocity is another crucial parameter for the design and safety of off-
shore foundations, as the speed of ice motion can induce FLI and con-

Fig. 9. Ice thickness results spanning the long-term period from 1940 to 2022. 
The plots illustrate: a) the mean of  annual maxima, b) the max of  annual 
maxima (extreme maximum), and c) the 90th percentile of ice thickness derived 
from the 83-year dataset.

siderably amplify dynamic forces applied to platform structures and/or 
moorings. These forces impact both fatigue stresses and the structural 
resilience of infrastructure in regions prone to ice cover. To explore this, 
Fig. 10 presents the variability of ice velocity across the Great Lakes over 
the long-term study period. This analysis includes only days when ice 
concentration is at least 5% at each location and excludes the ice-free 
days. Otherwise, the no-ice days impose numerous zero-velocity values 
that could misrepresent actual ice dynamics by artificially lowering the 
computed means and 90th percentile values.

Fig. 10(a) displays the mean of annual maxima ice velocity values 
over the entire Great Lakes region. Peak mean velocities reach approxi-
mately 1 m/s in the Straits of Mackinac (the natural conduit connecting 
Lakes Michigan and Huron) and the western basin of Lake Erie. In con-
trast, persistently lower mean velocities are observed in Lake Ontario 
(under 0.2 m/s) and the southern section of Lake Michigan (typically 
under 0.3 m/s).

Additionally, extreme ice velocities recorded during the study pe-
riod are visualized in Fig. 10(b), revealing substantial spatial variabil-
ity. The highest maximum velocities, up to 1.5 m/s, are concentrated in 

Ocean Engineering 357 (2026) 125327 

7 



M.J. Javaherian et al.

Lake Erie and the Straits of Mackinac, while Lake Ontario demonstrates 
comparatively modest peak velocities mostly below 0.5 m/s.

Finally, Fig. 10(c) illustrates the 90th percentile of ice velocity. These 
elevated ice velocities, which reflect the higher end of typical ice veloc-
ities, predominantly occur along the lakes’ central axes. Interestingly, 
Lake Superior, Lake Erie, and the northeastern shores of Lake Huron 
(Georgian Bay) show reduced ice velocities near 0.25 m/s. On the other 
hand, deeper mid-lake zones of the other Great Lakes experience higher 
90th percentile velocities, frequently nearing 0.4 m/s that highlights ar-
eas of increased dynamic ice activity.

Fig. 11 illustrates magnitude, distribution (frequency), and direction 
of ice velocity at two locations corresponding to the data and time pe-
riod reported in Figs. 6 and 7. At Station 4a in Lake Erie (Fig. 11(a)), 
the longest spoke indicates that ice most frequently drifts toward the 
northeast direction, with typical speeds below 0.2–0.25 m/s in Febru-
ary 2011. At this period, only a very small fraction of the record reaches 
the highest speed of 0.35–0.4 m/s. At Station WM in Lake Superior 
(Fig. 11(b)), the distribution is relatively broader, but the dominant 
ice motion is oriented toward the northeast and east directions during 
February 2014. The color bands show that this site experiences rela-
tively higher ice speeds with a noticeable portion of the record in the 
upper velocity bins and approaching velocities near 0.3–0.4 m/s.

4.  Discussion on ice risks

As noted earlier, ice can impose multiple risks to the offshore wind tur-
bines that operate in cold-climate regions. Some of these ice risks include 
the impact of drifting ice with tangible momentum on the platform, in-
ternal pressure generated by packed ice surrounding the structure, and 
icing on both the platform and turbine blades. In this section, some of 
these risks are further investigated and quantified for the Great Lakes 
region. The output can inform siting and engineering design of future 
offshore wind devices in this region to ensure the resiliency of these 
systems in the harsh winter. A case study is also carried out to further 
demonstrate the implementation of long-term hindcast data for estimat-
ing ice loads on the offshore platforms through common design stan-
dards.

4.1.  Ice momentum

As  drifting ice impacts an offshore wind structure, it exerts a large load 
on the platform and/or mooring systems. Besides the mechanical prop-
erties of ice (e.g., ice strength), this load is also dependent on some 
important factors such as ice concentration, thickness, and drifting ve-
locity. To represent all these factors collectively, ice momentum can be 
taken into account. In general, the ice momentum can be expressed as:
𝑀ice = 𝑚ice 𝑣ice = (𝜌 𝐴ice ℎice) 𝑣ice, (2)

where 𝑀ice is the ice momentum, 𝑚ice is the ice mass, 𝑣ice is the ice 
drifting velocity, 𝜌 is the ice density, 𝐴ice is the area of the ice floe, and 
ℎice is the ice thickness. Based on FVCOM simulation data, the ice area 
at each cell can be written as:
𝐴ice = 𝑎ice 𝐴cell, (3)

where 𝑎ice is the fractional ice concentration and 𝐴cell is the area of that 
cell. To remove the dependency of the momentum on the cell size of 
the computational domain, it is better to evaluate momentum per area. 
Using Eqs. (2) and (3), the ice momentum per area can be defined as 
follows:

𝑀ice∕𝐴cell = 𝜌 𝑎ice ℎice 𝑣ice. (4)

The momentum per area term clearly represents the contribution of im-
portant ice factors such as ice concentration, thickness, and velocity. 
Using Eq.  (4), the momentum per area for the Great Lakes during the 
period of 1940-2022 is calculated and illustrated in Fig. 12.

Fig. 10. Ice velocity results spanning the long-term period from 1940 to 2022. 
The plots illustrate: a) the mean of  annual maxima, b) the max of  annual 
maxima (extreme maximum), and c) the 90th percentile of ice velocity derived 
from the 83-year dataset.

Fig. 12(a) presents the mean  momentum per area from all winters 
in the 83-year time period. Results show that Lake Erie and Lake Huron 
experience higher ice momentum compared with the other lakes, with 
estimates greater than 60 kg/(m.s) in near the eastern shores of both 
lakes. Even though high ice velocities have a major contribution in this, 
the higher ice thickness in these regions appears to play a more signifi-
cant role in producing higher ice momentum (see Figs. 9(a) and 10(a)). 
On the contrary, significantly lower ice momentum values are observed 
for Lake Ontario and Lake Michigan. A similar pattern is observed for the 
90th percentile values of ice momentum in winters (Fig. 12(b)). Again, 
higher ice momentum per area values of up to 146 kg/(m.s) are observed 
at the eastern regions of Lake Superior and Lake Huron.

It is worth noting that many regions, including central Lake Michi-
gan, experience high ice velocity (Fig. 10(c)), but are classified as having 
relatively low ice momentum (Fig. 12(b)). This is because high ice ve-
locities do not necessarily indicate challenging ice conditions if they are 
associated with thin (Fig. 9(c)) and low concentration (Fig. 8(c)) ice.

This section has focused on the magnitude of ice momentum as a 
key factor for initial siting and preliminary evaluation; however, ice mo-
mentum is inherently a vector quantity whose direction is aligned with 
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Fig. 11. Ice roses showing the magnitude, distribution (frequency), and direction of ice velocity at a) Station 4a in Lake Erie in February 2011 (corresponding to 
ice data presented in Fig. 6), and b) Station WM in Lake Superior in February 2014 (corresponding to ice data presented in Fig. 7). Each spoke around the circle 
indicates a direction toward which the ice is moving, and the length of each spoke, marked with radius percentages, indicates the percentage of time the ice moves 
in that direction. Colors on each spoke indicate the portion of time that ice moves within different velocity ranges.

Fig. 12. Results of ice momentum per area for the long-term period of 1940-
2022. Figures show a) mean values for all winters, and b) the 90th percentile of 
all the winters during the 83-year dataset.

the ice velocity direction (e.g., Fig. 11). For more detailed engineering 
tasks, such as the design of mooring systems and the layout and orienta-
tion of wind farm arrays, the full ice momentum vectors, including their 
directional variability and persistence, should be explicitly considered. 
This vector characterization should be investigated in conjunction with 
other environmental directionality parameters, such as wind, wave, and 
current directions.

4.2.  Packed Ice

In addition to drifting ice impacting offshore wind structures, the for-
mation of thick and static ice with high concentration (80–100%) can 
also impose significant loads on the system. This bonded and residual 
ice, hereafter referred to as “packed” ice (also known as “locked-in” 
ice), can exert prolonged pressure on foundations, causing bending and 
fatigue stresses as well as ice-induced vibrations. Such stresses continu-
ously apply compressive forces on the platform and/or mooring systems. 
Moreover, the accumulation of ice around the structure and mooring 
lines will act as added mass, which poses risks to structural integrity 
and stability of the system. Packed ice conditions can also hinder winter 
inspection and maintenance activities. Therefore, it is critical to iden-
tify regions where packed ice forms and remains for extended durations 
each year.

Fig. 13 portrays the probability of ice formation exceeding 80% con-
centration for durations of five days or longer during the study period. 
In other words, this figure identifies the likelihood of locations experi-
encing packed ice for at least five days annually. As anticipated, Lake 
Erie exhibits the highest annual probability of packed ice occurrence 
with nearly 90-100% for most areas except the northeastern basin. Lake 
Huron also shows elevated probabilities, particularly in the southwest-
ern area (Saginaw Bay) and northwestern region (Georgian Bay). Con-
versely, Lake Ontario, along with the southern and central portions of 
Lake Michigan, demonstrates the lowest probabilities of packed ice for-
mation. These regions present promising candidates for offshore wind 
developments that seek sites with minimal packed ice risks.

4.3.  Icing

Given the significant impact of icing on structural integrity and tur-
bine performance, accurately assessing icing risk is essential to ensure 
the safe and efficient operation of offshore wind installations in cold re-
gions such as the Great Lakes. In this study, the Overland icing algorithm 
is used to estimate and characterize icing in the Great Lakes (Overland, 
1990; Overland and Spindler, 2025). Originally developed for 25–75 m 
vessels, which are comparable in size to offshore wind turbines, this 
model remains in use by the NOAA Ocean Prediction Center Ocean
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Fig. 13. Spatial distribution illustrating the probability of ice concentration 
more than 80% for at least 5 days a year. Results are shown for the 83-year 
dataset.

Table 1 
Icing classes defined based on the icing predictor (IPR) cal-
culated using the Overland (1990) icing algorithm.

 Icing class
 Light  Moderate  Heavy  Extreme

 IPR [𝑚◦𝐶𝑠−1] <22.4  22.4–53.3 >53.3 >83.0

Applications Branch. The algorithm calculates icing predictors and rates 
based on air temperature, water temperature, and wind speed. Overland 
(1990) proposed the icing predictor as a method to estimate the likeli-
hood of ice formation on exposed marine structures:

IPR =
𝑉𝑎 (𝑇𝑓 − 𝑇𝑎)

1 + 0.3 (𝑇𝑤 − 𝑇𝑓 )
(5)

where IPR is icing predictor [𝑚◦𝐶𝑠−1], 𝑉𝑎 is wind speed [m/s], 𝑇𝑓  is 
the freezing temperature of water (𝑇𝑓=0 ◦C for fresh water), 𝑇𝑎 and 𝑇𝑤
are the air and water temperatures [◦C], respectively. Once the icing 
predictor is computed, the icing class can then be identified via Table 1.

Fig. 14 illustrates the spatial distribution of icing potential across the 
Great Lakes, using the Overland (1990) icing predictor. Fig. 14(a) shows 
the icing predictor values averaged over all winters, while Fig. 14(b) il-
lustrates 90th percentile (extreme event) values. The corresponding icing 
severity classes are also portrayed in Fig. 14(c) and (d), respectively.

Fig. 14(a) shows the mean icing predictor values across the Great 
Lakes, revealing a consistent north–south gradient with higher icing risk 
concentrated in northern Lake Superior, northern Lake Michigan, and 
north-eastern Lake Huron. Conversely, southern areas including south-
ern Lake Michigan, Lake Erie and Lake Ontario experience lower icing 
values. Fig. 14(b) displays the 90th percentile icing predictor, highlight-
ing these same northern regions as most susceptible to severe icing dur-
ing extreme winter events, with values exceeding 100 𝑚◦𝐶𝑠−1. This pat-
tern indicates that elevated icing risk in the north is present both on 
mean and 90th values and intensifies during peak winter events.

The ice class maps depicted in Fig. 14(c) and (d) reinforce these pat-
terns. Under average winter conditions, Fig. 14(c), much of the north-
ern lakes experience moderate icing, while the southern lakes see mostly 
light icing. However, during extreme events (Fig. 14(d)), heavy and even 
extreme icing becomes prevalent in northern and central sectors. This 
figure shows that Lake Ontario and central to southern Lake Michigan 
are more ideal sites to avoid heavy and extreme icing during extreme 
events.

Additionally, Overland (1990) developed an algorithm to estimate 
the icing rate based on the icing predictor through a cubic polynomial 
fit:

Icing Rate [cm/h] = 𝐴 (IPR) + 𝐵 (IPR)2 + 𝐶 (IPR)3, (6)

where 𝐴 = 2.73 × 10−2, 𝐵 = 2.91 × 10−4, and 𝐶 = 1.84 × 10−6 are the cu-
bic polynomial fit parameters. While these parameters were developed 
for the Alaskan waters, the Overland algorithm (Eqs. (5)–(6)) can also be 
used for the Great Lakes by adjusting the freezing temperature (𝑇𝑓=0 
◦C) as suggested by Guest and Luke (2005).

Fig. 15 depicts the spatial distribution of the mean and 90th per-
centile values of icing rate during the winters of the study period. Sim-
ilar to the icing predictor figures, higher icing rates are concentrated 
in northern Lake Superior, northern Lake Michigan, and parts of north-
eastern Lake Huron. These values exceed 2 cm/h for mean icing rate 
(Fig. 15(a)) and 8 cm/h for the 90th percentile (extreme event) values 
(Fig. 15(b)). Again, Lake Ontario, central and southern Lake Michigan, 
and Lake Erie experience lower icing rates relative to other regions.

It is worth mentioning that further atmospheric and marine param-
eters (e.g., relative humidity, surface pressure, wind direction, signifi-
cant wave height, cold soaking) and turbine-specific details (e.g., height 
above the waterline, structure materials, surface) can be considered for 
more accurate icing estimations. However, these additional parameters 
are found to be generally of second- and third-order effects (Overland 
and Spindler, 2025). Since  Overland algorithm covers the main and 
first-order effects, it prioritizes simplicity for operational marine mete-
orological applications, as it remains in operational use by the U.S. and 
other countries (Overland and Spindler, 2025).

These results emphasize the icing risk across the Great Lakes and un-
derscore the necessity for site-specific assessments of severe and persis-
tent icing during offshore wind turbine planning. High-risk areas iden-
tified in this analysis may necessitate enhanced mitigation strategies, 
including specialized turbine designs, advanced anti-icing and de-icing 
technologies, and increased maintenance protocols.

4.4.  Ice intensity

In previous sections, the ice momentum, packed ice, and icing risks 
were evaluated. To more comprehensively assess the risks posed by lake 
ice to offshore wind infrastructure, we introduce the concept of ice inten-
sity, which synthesizes multiple independent factors into a single met-
ric. The ice intensity index is formulated as a weighted sum of three key 
parameters:

Ice Intensity = 𝑅M 𝑊M + 𝑅I 𝑊I + 𝑅P 𝑊P, (7)

where 𝑅M is the ice momentum risk, 𝑅I is the icing risk, and 𝑅P is the 
packed ice risk. The ice momentum and icing risks are obtained by non-
dimensionalizing the spatial distribution of ice momentum per unit area 
(Fig. 12(a)) and icing predictor (Fig. 14(a)) with respect to their cor-
responding maximum values to yield normalized measures between 0 
and 1. The packed ice risk, 𝑅P, is taken directly from the packed ice 
probability distribution (Fig. 13). The associated weighting factors 𝑊M, 
𝑊I, and 𝑊P correspond to the relative importance of ice momentum, 
icing, and packed ice probabilities, respectively. The weighting factors 
should be determined by designers based on the platform’s specific de-
sign, ice-structure interaction characteristics, and operational require-
ments at the target site. This is to ensure that the ice intensity index accu-
rately reflects the unique conditions and risk priorities relevant to each 
project. For example, floating platforms may face greater consequences 
from icing than fixed structures, as ice accumulation elevates the wa-
terline, induces additional loading on the mooring lines, compromises 
platform’s stability, and restricts turbine operations within safe opera-
tional envelopes. Consequently, designers may assign a higher weight-
ing factor to icing risk (𝑊𝐼 ) for floating platforms to properly account 
for these amplified loads and critical conditions.

Fig. 16 presents the spatial distribution of the mean ice intensity in-
dex across the Great Lakes, integrating the combined effects of icing, 
ice momentum, and packed ice conditions. For this figure, it is assumed 
𝑊M = 𝑊I = 𝑊P = 0.33. The equal weighting in this figure is deliberately 
chosen as a first order approximation that treats all three hazard mech-
anisms as equally important without subjective prioritization. The map 
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Fig. 14. Icing predictor and class for the Great Lakes. Figures illustrate a) mean of icing predictor for all winters, b) 90th percentile icing predictor for all winters, 
c) icing class for mean of all winters, and d) icing class for the 90th values. The icing predictor and class are calculated based on Overland (1990).

Fig. 15. Icing rate for the long-term period of 1940-2022. Figures show a) mean 
values for all winters, and b) the 90th percentile for the winters of the 83-year 
dataset.

reveals that northern regions of Lakes Michigan,  Huron,  Erie, and  Su-
perior exhibit higher mean ice intensity values (∼0.8), indicating persis-
tent and significant ice-related challenges in these locations. In contrast, 
Lake Ontario as well as central and southern Lake Michigan regions gen-
erally experience much lower ice intensity, reflecting reduced combined 
ice hazards. This spatial pattern demonstrates how the ice intensity met-
ric effectively captures the aggregate risk landscape for offshore wind 
development. It also enables more informed decisions regarding site se-

Fig. 16. Spatial distribution of the mean ice intensity index across the Great 
Lakes, illustrating the combined effects of icing, ice momentum, and packed ice. 
Lower index values highlight regions with smaller overall ice-related hazards. 
This is a generic risk indicator obtained by treating all three hazard mecha-
nisms as equally important (𝑊M = 𝑊I = 𝑊P = 0.33) without subjective platform 
prioritization.

lection and risk mitigation in the Great Lakes region. As noted earlier, 
more comprehensive work is needed to obtain the weighting parameters 
for specific platform types, geometries, and dynamic characteristics, as 
well as their intended operational envelopes. Such tailoring would yield 
an ice intensity map explicitly optimized for the target design, rather 
than a generic risk indicator as shown in Fig. 16. This approach facili-
tates a more holistic evaluation of site suitability and risk, capturing not 
only the direct impact of surface icing but also the structural challenges 
posed by prolonged ice coverage and the mechanical forces of drifting 
ice. Such a comprehensive metric is particularly valuable in the Great 
Lakes, where the interplay of these ice phenomena can be highly vari-
able and have significant implications for the design, siting, and long-
term resilience of offshore wind developments.

4.5.  Overall characteristics

Table 2 provides a comprehensive summary of key ice conditions in 
the Great Lakes, reporting mean annual maxima, absolute maximum, 
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Table 2 
Summary of the Great Lakes ice conditions for two different periods: 1940–2022, and 1979–2022. The Mean of annual maximum, Max 
of annual maximum (absolute maximum), and 90th percentile values are reported for ice cover, thickness, and velocity. Mean and 90th
percentile values correspond to averaged quantities for each lake during winter seasons of the selected period.

 Period 1940–2022
 Ice Cover [%]  Ice Thickness [m]  Ice Velocity [m/s]

 Lake  Mean of  Max of 90𝑡ℎ  Mean of  Max of 90𝑡ℎ  Mean of  Max of 90𝑡ℎ

 Annual Max  Annual Max  Percentile  Annual Max  Annual Max  Percentile  Annual Max  Annual Max  Percentile
 Superior − − − − − − − − −
 Michigan  60  100  50  0.25  3.19  0.36  0.32  1.41  0.27
 Huron  87  100  95  0.56  5.45  0.64  0.42  1.42  0.26
 Erie  90  100  99  0.55  4.83  0.72  0.55  1.40  0.24
 Ontario  27  100  10  0.05  1.57  0.16  0.12  0.85  0.26

 Period 1979–2022
 Ice Cover [%]  Ice Thickness [m]  Ice Velocity [m/s]

 Lake  Mean of  Max of 90𝑡ℎ  Mean of  Max of 90𝑡ℎ  Mean of  Max of 90𝑡ℎ

 Annual Max  Annual Max  Percentile  Annual Max  Annual Max  Percentile  Annual Max  Annual Max  Percentile
 Superior  65  100  98  0.32  4.52  0.62  0.27  1.29  0.20
 Michigan  53  100  40  0.21  3.19  0.33  0.29  1.41  0.27
 Huron  82  100  93  0.49  4.63  0.64  0.40  1.40  0.26
 Erie  86  100  99  0.47  3.96  0.68  0.51  1.39  0.24
 Ontario  23  100  7  0.04  1.44  0.16  0.10  0.72  0.26

Table 3 
Ice properties used in the case study. These parameters mainly rep-
resent the IceFloe (Mccoy et al., 2014) benchmark study condition, 
with the key enhancement of implementing time-varying and dy-
namic ice thickness derived directly from FVCOM simulations.
 Property  Great Lakes A  This Study
 Ice thickness [m]  1  Dynamic
 Reference strength [MPa]  2.2  2.2
 Flexural strength [MPa]  0.7  0.7
 Elastic modulus [GPa]  8.0  8.0
 Poisson ratio [–]  0.3  0.3
 Ice-to-ice friction coefficient [–]  0.05  0.05
 Water density [kg/m3]  999.8  999.8
 Ice density [kg/m3]  916.2  916.2
 Angle of the ice rubble [deg]  40  40
 Porosity of the ice rubble [–]  0.3  0.3
 Cohesion of the ice rubble [Pa]  0  0
 Friction angle of the ice rubble [deg]  45  45
 Ride-up thicknessa [m]  2.5  Dynamic
 Korzhavin contact factor [–]  0.5  0.5
a Ride-up thickness is set as 2.5 times the ice thickness.

and 90th percentile values for ice cover, thickness, and velocity over 
two periods: 1940–2022 and 1979–2022. Mean and 90th percentile val-
ues correspond to averaged quantities for each lake during winter sea-
sons of the selected period. This table captures both typical and extreme 
scenarios and highlights substantial spatial variability over different
lakes.

Such synthesized statistics are critical for contextualizing ice hazards 
in offshore wind development, supporting nuanced assessments of both 
average conditions as well as rare and high-intensity events. These met-
rics are particularly valuable in the pre-design and conceptual stages to 
help stakeholders identify site-specific risks and inform the development 
of initial design requirements.

4.6.  Case study

To demonstrate the practical utility of the reported long-term ice hind-
cast for offshore wind design, a case study is conducted that applies the 
simulated results to quantify design-basis ice loads on a representative 
platform. This case study illustrates a transferable methodology appli-
cable to arbitrary offshore wind sites across the Great Lakes. 

Table 4 
Characteristics of the offshore wind platform 
used in this case study, configured to match the 
full-scale IceFloe benchmark platform (Mccoy 
et al., 2014).
 Property  Value
 Diameter/width [m]  14.2
 Cone angle [deg]  52.0
 Ride-up (rubble) height [m]  4.0
 Top diameter of tower cone [m]  8.0
 Ice-to-structure friction coefficient [–]  0.15
 Korzhavin shape factor [–]  0.9

Table 5 
Ice limit load values calculated by this study 
compared with the IceFloe benchmark results 
(Mccoy et al., 2014) for the test condition 
Great Lakes A (see Table 3). Consistent with 
the IceFloe condition, the ice thickness for the 
representative platform is set to 1 m for the 
calculation.

 Limit Load  Calculation  IceFloe
 ISO Crushing [MN]  20.433  20.433
 IEC Crushing [MN]  16.347  16.347
 ISO Flexural [MN]  3.374  3.376
 IEC Flexural [MN]  5.044  5.045

4.6.1.  Test configuration
 The ice properties adopted in the case study are summarized in Ta-
ble 3. These parameters are selected to closely reproduce the “Great 
Lakes A” condition from the IceFloe benchmark study (Mccoy et al., 
2014). IceFloe is a dedicated module within the OpenFAST wind tur-
bine multiphysics framework that computes ice floe loads on fixed off-
shore structures. The main enhancement in this study is that the ice 
thickness is treated as a time-varying and dynamic variable derived di-
rectly from the FVCOM simulations. Additionally, Table 4 summarizes 
the characteristics of the representative offshore wind platform, config-
ured to match the full-scale benchmark platform in the IceFloe (Mccoy 
et al., 2014). This selection also enables direct validation of computed 
ice loads against IceFloe predictions. 
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Fig. 17. Maximum ice loading based on ISO and IEC standards for the Great Lakes during 1979-2022. Figures demonstrate a) ISO limit crushing load, b) ISO limit 
flexural load, c) IEC limit crushing load, and d) IEC limit flexural load. The loads are calculated using maximum ice thickness for each location and results are 
presented on logarithmic scales to enhance visual clarity. For ice conditions and platform’s characteristics, please refer to Tables 3 and 4, respectively.

4.6.2.  Ice load models
 Several established ice load models are applied in this study to translate 
hindcast ice data into design loads for the representative ice condition 
and platform. These models, widely adopted in offshore engineering 
standards of ISO 19906 (2010) and IEC 61400-3 (2009), include ISO
crushing limit, IEC crushing limit, ISO flexural limit, and IEC flexural 
limit. These limit ice loads are selected to evaluate the primary failure 
modes of ice against offshore structures through crushing failure (lim-
ited by ice strength) and flexural failure (limited by bending strength). 
For crushing failure, level ice fails against the vertical structure face, 
where ice compressive strength directly governs the load magnitude 
(top-left case in Fig. 1(b)). Thus, a vertical-sided platform with no cone 
is assumed to evaluate the ice crushing failure. On the other hand, flex-
ural failure occurs when ice bending strength limits the load, typically 
under a sloped/conical structure that induces beam failure at the ice 
edge (top-middle and top-right cases in Fig. 1(b)). As such, we choose 
to analyze a conical platform to assess the ice flexural failure. By en-
veloping global crushing and flexural limits, these ice models provide 
upper-bound loads essential for ensuring structural integrity under ex-
treme Great Lakes ice events. Full formulations for all these models are 
detailed in Appendix A. 

4.6.3.  Ice load limits
Table 5 shows a comparison between calculated results for the ISO and 
IEC limit loads with those predicted from the IceFloe (Mccoy et al., 
2014). In this case, the ice thickness encountering the representative 
platform is set to 1 m for the calculation to match the test condition of 
the IceFloe (Great Lakes A). The results successfully reproduce the Ice-
Floe limit loads and confirm the validity of utilized ice parameters and 
load formulations. 

Once the framework is verified, hindcast-driven ice thickness values 
can be used as the input to estimate the limit loads for the entire Great 
Lakes under harsh weather conditions during 1979-2022. Fig. 17 illus-
trates the maximum ISO and IEC crushing and flexural ice loading under 
max of annual maxima ice thickness (Fig. 9(b)) for the entire domain. To 
enhance visual clarity, results are presented on logarithmic scales. Since 
the main input is ice thickness, the limit ice load patterns look similar 

Fig. 18. Dynamic ice loads during 1940-2022 at Station 4a in Lake Erie (see 
Fig. 2). The ISO and IEC crushing and flexural loads are plotted, along with the 
variable ice thickness at this location.

under different ice limit models. However, different ice models result 
in different limit load values. It can be seen that crushing limit failures 
(17(a) and 17(c)) yield higher ice load values compared to the flexural 
limit failures (17(b) and 17(d)). For instance, maximum ISO crushing 
load for Lake Michigan is recorded at 55.41 MN, while the maximum 
ISO flexural load of 20.16 MN is computed at this lake for the period of 
1979-2022. This difference mainly stems from the fact that the ice ref-
erence crushing strength (2.2 MPa, see Table 3) is substantially higher 
than the ice flexural strength (0.7 MPa). Consequently, offshore plat-
forms in ice-prone regions are often equipped with an ice cone near 
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Table 6 
Summary of the Great Lakes ice loads for two different periods: 1940–2022, and 
1979–2022. The max of annual maxima (absolute maximum) values for ice loads are 
reported for each lake during winter seasons of the selected period. These values repre-
sent the worst-case scenario in each lake and not the design ice load values associated 
with plausible offshore wind sites.

 Period 1940–2022
 Lake  Max Ice  ISO Crushing  IEC Crushing  ISO Flexural  IEC Flexural

 Thickness [m]  Load [MN]  Load [MN]  Load [MN]  Load [MN]
 Superior − − − − −
 Michigan  3.19  55.41  65.34  20.16  30.91
 Huron  5.45  87.83  130.9  52.09  78.25
 Erie  4.83  79.17  111.6  41.85  63.18
 Ontario  1.57  30.12  27.50  6.40  9.87

 Period 1979–2022
 Lake  Max Ice  ISO Crushing  IEC Crushing  ISO Flexural  IEC Flexural

 Thickness [m]  Load [MN]  Load [MN]  Load [MN]  Load [MN]
 Superior  4.52  74.78  102.3  37.15  56.24
 Michigan  3.19  55.41  65.34  20.16  30.91
 Huron  4.63  76.33  105.6  38.79  58.66
 Erie  3.96  66.74  86.14  29.37  44.69
 Ontario  1.44  27.96  24.85  5.63  8.65

the waterline, which shifts the governing failure mode from crushing 
to flexural and can drastically reduce the corresponding impact loads 
(Javaherian et al., 2025b; Shi et al., 2023).

Maximum ice load values for different lakes from different ice models 
are summarized in Table 6 for two periods of 1940-2022 and 1979-2022. 
These values reflect the worst-case scenario in each lake that usually oc-
curs in nearshore and shallow regions. Although such ice loads are not 
representative of conditions at plausible offshore wind sites, they are 
included to provide a reference for the maximum potential ice loads in 
each lake. As far as the flexural limit loads are concerned, IEC load lim-
its are generally about 50% higher than those from the ISO model for 
the presented ice thickness range. This difference, mainly coming from 
the assumptions and factors in these models, reveals that IEC model per-
mits significantly larger ice-induced bending loads before reaching the 
design limit. Hence, using IEC flexural values would generally lead to a 
more conservative (heavier and more robust) structure, because mem-
bers and foundations must be sized to resist higher characteristic ice 
loads. Conversely, using ISO flexural limits would allow a more eco-
nomical design but with lower implied safety margin against flexural 
ice failure. This difference is important to highlight, especially for sites 
where flexural failure dominates, since the choice of standard directly 
controls the governing ultimate limit state and thus the overall struc-
tural sizing and costs.

The simulated time-varying and dynamic ice characteristics also en-
able estimating dynamic ice loads at specific target sites. Fig. 18 illus-
trates an example of the dynamic ISO and IEC limit loads at Station 4a 
in Lake Erie (see Fig. 2). In this figure, the dynamic ice thickness for 
the period of 1940-2022 is shown along with the ISO and IEC flexural 
and crushing limit loads. Results show that the maximum ice limit load 
at this station was recorded on 7th March 1942, resulting from an ice 
thickness of 1.6 m. At this time, maximum ice loads of 30.65 MN and 
28.17 MN are recorded based on the ISO and IEC crushing limits, re-
spectively. Again, these values are significantly higher than the flexural 
limit loads, which are 6.60 MN for ISO flexural load and 8.94 MN for 
IEC flexural load. Additionally, for this range of ice thickness (0-1.6 m), 
the ISO crushing limit loads tend to be higher than IEC crushing limits. 
However, as was shown in Table 6, this is not a general trend for other 
ice thicknesses.

It is worth noting that more comprehensive dynamic ice load models 
can be explored that account for additional ice characteristics such as ice 
concentration and velocity (e.g., Määttänen (1998) ice crushing dynam-
ics). Further analysis can be conducted to determine the return period 

of the design ice load at the target site. However, this case study suffices 
to employ the ISO/IEC limit loads, the primary design-based approach 
in offshore engineering practice, to demonstrate the practical utility of 
our hindcast dataset for rapid and early-stage ice load estimation.

5.  Conclusions and future work

This study presents a thorough assessment of ice-related risks for off-
shore wind development in the Laurentian Great Lakes by leveraging 
an advanced hydrodynamic-ice modeling framework, namely FVCOM–
CICE. By generating an 83-year hindcast of lake ice dynamics including 
concentration, thickness, and velocity, this work addresses critical data 
and knowledge gaps that have historically hindered the engineering and 
siting of offshore wind developments in this region.

Model validation against satellite and in-situ observations confirms 
the reliability of simulated ice metrics for pre-design applications. Key 
insights from this study highlight marked spatial patterns and variabil-
ity in ice characteristics across the Great Lakes. Regions such as Lake 
Erie, Lake Huron, and portions of Lake Superior are characterized by 
persistent and significant ice cover, thicker ice, and higher velocities. In 
contrast, Lake Ontario as well as central and southern Lake Michigan re-
gions typically experience lower ice concentrations and thickness. Also, 
mean of annual maxima, max of annual maxima, and 90th percentile val-
ues for ice cover, thickness, and velocity were quantified and reported 
for different lakes.

Additionally, this study introduces a composite ice intensity index by 
synthesizing mechanical and environmental ice hazards such as ice mo-
mentum, packed ice pressure, and icing severity. The spatial mapping of 
the ice intensity index enables a more holistic evaluation of regional ice 
risks relevant to offshore wind engineering. Not only does this unified 
hazard metric facilitate the identification of promising sites for devel-
opment with minimized ice impacts, but also supports the development 
of relevant design criteria, advanced de-icing and anti-icing strategies, 
and maintenance protocols that are tailored to the severity of local ice 
regimes. Furthermore, a case study is presented to highlight practical 
applications of the hindcast data. The hindcast ice thickness data were 
directly input into ISO/IEC limit ice load models to quantify design loads 
for representative offshore wind platforms.

The Great Lakes exhibit relatively short ice seasons but locally much 
thicker ice, with extreme ice thicknesses reaching about 4–5 m in some 
basins. In contrast, many European cold-climate waters, particularly in 
the Baltic Sea and its northern sub-basins such as the Bay of Bothnia,
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experience more persistent seasonal ice that is generally thinner, with 
typical design level-ice thicknesses of about 1 m (Tikanmäki et al., 
2025). As noted earlier, freshwater ice is mechanically stronger than 
sea ice due to lower brine volume (Weeks and Ackley, 1986). Therefore, 
Great Lakes ice implies higher potential ice loads compared to Baltic Sea 
ice for a given thickness.

It is worthwhile to mention that global warming has substantially 
reduced the Great Lakes ice cover (e.g., declining about 70% from 
1973–2010; Wang et al. (2012)). However, 80-year projections still in-
dicate that persistent ice cover will be observed through 2100 and will 
not fully disappear (Xue et al., 2022). On the other hand, recent find-
ings show that climate change is simultaneously amplifying temperature
extremes and variability. For instance, cold-spells at the Great Lakes are 
observed to be increased by +1 day per year (Abdelhady et al., 2025a). 
These prolonged thermal extremes, driven by Arctic amplification and 
polar vortex destabilization, sustain the potential for severe ice loading 
events despite declining mean ice cover (Abdelhady et al., 2025a,b). 
Therefore, as ice risks will remain an important design criterion for long-
term offshore and near-shore infrastructure planning, these non-linear 
shifts need to be considered for ice loading estimations under increasing 
climate uncertainty.

Looking forward, integrating these ice hazard characterizations with 
other site-specific environmental, economic, and logistical factors will 
further strengthen multi-criteria decision frameworks for offshore wind 
development in this region. Continuous improvement in ice modeling 
and expanded observational datasets will further refine risk assessments 
and support safe, efficient, and cost-effective renewable energy infras-
tructure amid a changing climate in this freshwater environment.

Overall, this study establishes a rigorous foundation for the engi-
neering design and planning of offshore wind developments in the Great 
Lakes. The quantitative hazard maps and metrics serve as critical guid-
ance for selecting optimal sites, designing robust structures, and formu-
lating operational strategies to ensure safe and efficient wind energy 
development in this region.
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Appendix A.  Ice Load Models

Several established ice load models are presented here. These models 
include current ISO and IEC standards for ice crushing and ice flexural 
failure modes.

A.1.  ISO limit crushing

The ISO 19906 (2010) standard defines the global limit load for 
ice crushing through empirical corrections applied to a reference ice 
strength. The ISO ice crushing limit load, 𝑃 , is given by:
𝑃 = 𝑝𝐺ℎ𝑤. (A.1)

where 𝑝𝐺 is the global average ice pressure [MPa], 𝑤 is the projected 
width of the structure [m], and ℎ is the ice thickness [m]. The global 
average ice pressure is calculated as:

𝑝𝐺 = 𝐶𝑅

(𝑤
ℎ

)𝑚
(

ℎ
ℎ1

)𝑛
(A.2)

where 𝐶𝑅 is the ice reference strength [MPa] determined by ice regime 
and environmental severity (ranging from 1 MPa to 3 MPa; the standard 
specifies 2.8 MPa for the Beaufort Sea and 1.8 MPa for the Baltic Sea), 
ℎ1 = 1.0 m is the reference ice thickness, and 𝑚 = −0.16 is an empirical 
constant. The exponent 𝑛 depends on ice thickness:

𝑛 =

{

−0.5 + ℎ∕5 ℎ < 1.0 m
−0.3 ℎ > 1.0 m

(A.3)

This formulation accounts for scale effects and aspect ratio and is sup-
ported by extensive field measurements.

A.2.  IEC limit crushing

The IEC 61400-3 (2009) recommends the Korzhavin equation for calcu-
lating the limit force, 𝑃 , from ice crushing on vertical structures:
𝑃 = 𝑘1 𝑘2 𝑘3 ℎ𝑤𝜎𝑐 (A.4)

where 𝑤 and ℎ represent the projected width and ice thickness, respec-
tively, and 𝜎𝑐 is the ice crushing strength [MPa]. The coefficients 𝑘1, 𝑘2, 
and 𝑘3 adjust for structure shape, contact conditions, and aspect ratio. 
The shape factor 𝑘1 is defined as:

𝑘1 =

{

1.0 for rectangular shapes
0.9 for circular shapes (A.5)

The contact factor 𝑘2 is:

𝑘2 =

⎧

⎪

⎨

⎪

⎩

0.5 for moving ice
1.0 for frozen ice
1.5 for locally thickened ice

(A.6)

The aspect ratio factor 𝑘3 follows:

𝑘3 =
√

1 + 5 ℎ
𝑤

(A.7)

When local data are unavailable, typical crushing strengths 𝜎𝑐 include 
3.0 MPa for cold moving ice or 1.5 MPa for spring ice near melting.

A.3.  ISO limit flexural

For wide slopes or conical structures, flexural failure can be analyzed 
by treating the ice sheet as an elastic beam on an elastic foundation, 
incorporating 3D effects and rubble presence. This approach applies to 
downward-breaking slopes by substituting ice buoyancy for air weight. 
The total horizontal force from this model, 𝐹𝐻 , is:
𝐹𝐻 = 𝑓 (𝐻𝐵 +𝐻𝑃 +𝐻𝑅 +𝐻𝐿 +𝐻𝑇 ) (A.8)
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where 𝐻𝐵 is breaking load, 𝐻𝑃  pushes ice through rubble, 𝐻𝑅 pushes 
ice blocks up slope, 𝐻𝐿 lifts rubble, and 𝐻𝑇  turns the ice block. The 
breaking component is:

𝐿𝑐 =
(

𝐸ℎ3

12 𝜌𝑤 𝑔 (1 − 𝜈2)

)0.25
(A.9)

and

𝜉 =
sin 𝛼 + 𝜇𝑠 cos 𝛼
cos 𝛼 − 𝜇𝑠 sin 𝛼

(A.10)

where 𝛼 is the slope angle of the structure, 𝜇𝑠 is the coefficient of friction 
between ice and structure, 𝜎𝑓  is the flexural strength of the ice, 𝜌𝑤 is the 
density of water, 𝐸 is the elastic modulus of ice, and 𝜈 is the Poisson’s 
ratio for ice.
The breaking load, 𝐻𝐵 , can then be calculated as:

𝐻𝐵 = 0.68 𝜉 𝜎𝑓

[

𝑤 + 𝜋2 𝐿𝑐
4

][

𝜌𝑤𝑔ℎ5

𝐸

]0.25

. (A.11)

The rubble push-through load is:

𝐻𝑃 =
𝑤ℎ2𝑟 𝜇𝑖 𝜌𝑖 𝑔 (1 − 𝑒)(1 − tan 𝜃∕ tan 𝛼)2

2 tan 𝜃
, (A.12)

where ℎ𝑟 is the height of the rubble, 𝜇𝑖 is the ice-to-ice coefficient of 
friction, 𝑒 is the porosity of the rubble, 𝜃 is the angle the rubble pile 
makes with the horizontal, and 𝜌𝑖 is the density of the ice.
The effective the weight of the rubble pile, 𝑃 , can then be calculated as:

𝑃 = 0.5𝜇𝑖 (𝜇𝑖 + 𝜇𝑠) 𝜌𝑖 𝑔 (1 − 𝑒)ℎ2
𝑟 sin 𝛼

( 1
tan 𝜃

− 1
tan 𝛼

)

(1 − tan 𝜃∕ tan 𝛼)

+ 0.5 (𝜇𝑖 + 𝜇𝑠) 𝜌𝑖 𝑔 (1 − 𝑒)ℎ2
𝑟
cos 𝛼
tan 𝛼

(1 − tan 𝜃∕ tan 𝛼) + ℎ𝑟 ℎ 𝜌𝑖 𝑔
(

sin 𝛼 + 𝜇𝑠 cos 𝛼
sin 𝛼

)

(A.13)

Then, 𝐻𝑅, the load that is required to push the ice floes through the 
rubble and on the slope of the structure can be computed:

𝐻𝑅 = 𝑤𝑃
cos 𝛼 − 𝜇𝑠 sin 𝛼

. (A.14)

Additionally, the rubble lift load is:

𝐻𝐿 = 0.5𝑤ℎ2
𝑟 𝜌𝑖 𝑔 (1 − 𝑒) 𝜉

( 1
tan 𝜃

− 1
tan 𝛼

)

(1 − tan 𝜃∕ tan 𝛼)

+ 0.5𝑤ℎ2
𝑟 𝜌𝑖 𝑔 (1 − 𝑒) 𝜉 tan𝜙 (1 − tan 𝜃∕ tan 𝛼)2 + 𝜉 𝑐 𝑤ℎ𝑟 (1 − tan 𝜃∕ tan 𝛼)

(A.15)

where 𝑐 is the cohesive strength of the ice rubble, 𝜙 is the friction angle 
of the ice rubble.
Finally, 𝐻𝑇  represents the force required to turn the ice blocks at the 
interface between the conical and upper cylindrical sections of the struc-
ture:

𝐻𝑇 = 1.5𝑤ℎ2 𝜌𝑖 𝑔
(

cos 𝛼
sin 𝛼 − 𝜇𝑠 cos 𝛼

)

(A.16)

ISO 19906 recommends modifying the flexural strength of the ice sheet 
to account for the pre-stress effect of in-plane forces. Thus:

𝐹𝐻 =
𝐻𝐵 +𝐻𝑃 +𝐻𝑅 +𝐻𝐿 +𝐻𝑇

1 − 𝐻𝐵
ℎ 𝑙𝑐 𝜎𝑓

(A.17)

where

𝑙𝑐 = 𝑤 + 𝜋2

4
𝐿𝑐 (A.18)

A.4.  IEC limit flexural

The Ralston model, based on the plastic behavior of ice failure, is ex-
tensively referenced in literature and serves as the sole model presented 
in the IEC 61400-3 (2009) Standard annex on ice forces. While the IEC 

version relies on graphical methods, this implementation adopts the an-
alytical formulation from ISO 19906 Annex. The total horizontal force 
𝐹𝐻  comprises breaking and ride-up components:
𝐹𝐻 = 𝐻𝐵 +𝐻𝑅 (A.19)

with

𝐻𝐵 = 𝜎𝑓
ℎ2

3
tan 𝛼

1 − 𝜇𝑔𝑟

[

1 + 𝑌 𝑥 ln 𝑥
𝑥 − 1

+ 𝐺(𝑥 − 1)(𝑥 + 2)

]

(A.20)

where 𝑌  is derived from the selected yield criterion (for Tresca crite-
ria: 𝑌 = 2.711), and 𝐺 represents a non-dimensional weight-to-strength 
ratio:

𝐺 =
(

𝜌𝑖𝑔𝑤2

4𝜎𝑓ℎ

)

. (A.21)

Additionally,

𝑥 = 1 +
(

3𝐺 + 𝑌
2

)−0.5
(A.22)

and

𝑔𝑟 =
sin 𝛼 + 𝛼

cos 𝛼
𝜋
2 sin2 𝛼 + 2𝜇 𝛼 cos 𝛼

. (A.23)

The ride-up term 𝐻𝑅 is given by:

𝐻𝑅 = 𝑊
(

tan 𝛼 + 𝜇𝐸2 − 𝜇 𝑓 𝑔𝑟 cos 𝛼
1 − 𝜇𝑔𝑟

)

(A.24)

where 𝑊 , the weight of ice riding up the cone, is: 

𝑊 = 𝜌𝑖 𝑔 ℎ𝑑

(

𝑤2 −𝑤2
𝑇

4 cos 𝛼

)

(A.25)

where ℎ𝑑 is the ride-up thickness (typically 2–3 times ice thickness ℎ for 
pile-up modeling) and 𝑤𝑇  as cone top diameter. Also, 
𝑓 = sin 𝛼 + 𝜇 𝐸1 cos 𝛼. (A.26)

𝐸1 and 𝐸2 are complete elliptic integrals of the first and second kind:

𝐸1 = ∫

𝜋∕2

0
(1 − sin2 𝛼 sin2 𝜂)−0.5𝑑𝜂 (A.27)

𝐸2 = ∫

𝜋∕2

0
(1 − sin2 𝛼 sin2 𝜂)0.5𝑑𝜂 (A.28)

All other variables follow previous definitions.
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