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Abstract Turbulent heat fluxes are affected by and influence the temperature dynamics and ice conditions
of lakes. Significant efforts have been made to develop operational hydrodynamic and ice models for large lakes
such as the North American Great Lakes. However, the behavior of surface fluxes in these lakes has previously
focused on the ice‐free season and has not yet been fully assessed during winter conditions in the presence of ice.
Given the importance of navigation support and regional weather forecasting, we therefore analyze operational
configurations of the Great Lakes for modeled fluxes to evaluate them for open water, ice‐covered, and partial
ice conditions. We compare the modeled fluxes with eddy covariance‐based observed fluxes from the Great
Lakes Evaporation Network. While observed latent heat fluxes have periods of high values both during ice‐free
and ice‐covered periods, we find that elevated open water fluxes in early winter can be well modeled. However,
the modeled fluxes during ice‐covered periods appear less accurate, where the errors are likely related to the
simulated ice thickness. Thin ice has many small cracks, resulting in large fluxes nearly as high as over open
water; very thick ice can reduce the latent fluxes to near zero, according to observations. Overall, the algorithms
used in existing operational models show promise in resolving winter lake fluxes; however, further
improvement may require adaptations to underlying ice and hydrodynamic model formulations.

1. Introduction
Amongst the world's largest lakes, the North American Great Lakes, hereafter Great Lakes, hold 21% of the global
surface freshwater supply. The ecosystem of lakes is strongly affected by global climate change and increasing
anthropogenic impacts (Woolway, Sharma, & Smol, 2022). Lakes have been noted as the key sentinels of climate
change worldwide (Williamson et al., 2009) and observed to be warming and losing ice in response (Anderson
et al., 2024; O’Reilly et al., 2015; Sharma et al., 2019; Woolway, 2023; Woolway et al., 2021). These changes
affect the lakes' physical processes, closely interacting with the atmosphere. The meteorological conditions above
the lake, determine lake hydrodynamics, temperature, ice, mixing, and transport conditions. At the same time, the
water or ice surface temperature influences the atmosphere through the turbulent heat fluxes at the air‐water and
air‐ice interfaces. These sensible and latent (evaporative) heat fluxes play key roles in the lakes' energy balance,
while latent heat is one of the most critical loss components in the water balance. These processes significantly
impact hydrologic, weather, and climate conditions, which are important factors in lake management, commercial
navigation, and hydropower generation (Fry et al., 2022; Gronewold et al., 2018).

Globally, lakes are losing ice due to climate change, and several open questions remain regarding lake ice
conditions (Culpepper et al., 2025). Ice concentration and thickness are both declining, resulting in ice safety
concerns (Woolway, Huang, et al., 2022). The Great Lakes also experience fewer days of ice cover than before
(Anderson et al., 2024). The increasing winter air temperatures, and thus the lower lake‐air temperature differ-
ences, result in lower open water turbulent heat fluxes and less intense cooling and ice formation. With the decline
of ice concentration, more fractional ice and thinner ice can be expected. Due to the combination of these impacts,
the open water turbulent heat fluxes and evaporation in winter months may increase during times with sufficient
lake‐air gradients. Consequently, the increased heat and moisture in the air over the lake can impact the regional
weather, causing extreme lake‐effect precipitation events (Fujisaki‐Manome et al., 2020a, 2020b).
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Over the past several decades, the National Oceanic and Atmospheric Administration (NOAA) has developed an
operational forecasting model, the Great Lakes Operational Forecast System (GLOFS) to address a broad array of
stakeholder needs (Anderson et al., 2018; Schwab & Bedford, 1994), with the most recent version consisting of a
coupled hydrodynamic‐ice model. The basis of GLOFS is the Finite Volume Community Ocean Model
(FVCOM) (Chen et al., 2003) and the Los Alamos Sea Ice model (CICE) (Hunke et al., 2017), which have both
been originally successfully adapted and calibrated for the Great Lakes (Anderson et al., 2018). The CICE model
is also the basis for the prediction of operational Great Lakes by Environment and Climate Change Canada
(ECCC; Durnford et al., 2018). The NOAA‐GLOFS provides real‐time currents, water temperatures, and ice
conditions (ice concentration, thickness, and velocity), which have been evaluated against available observations
(Anderson et al., 2018). In general, lake‐averaged ice concentrations agree with satellite‐derived products, but
these models can struggle in freezing and melting periods and to reproduce accurate ice concentrations and lake
thermal structure on local scales (Anderson et al., 2018; Cannon et al., 2024), which could be partly due to
limitations of the employed flux algorithms.

The use of FVCOM or CICE in NOAA‐GLOFS and ECCC, or other large lake studies, means that the prediction
of lake conditions relies on oceanographic algorithms that are embedded within these models to estimate air‐water
and air‐ice heat exchanges. Specifically, these models use the Coupled Ocean‐Atmosphere Response Experiment
(COARE) for open‐water fluxes, the CICE model for the fluxes in the presence of ice, and they both use
roughness lengths and bulk transfer coefficients for the calculations derived for the sea surface as a function of
atmospheric stability conditions. Many studies have shown that these coefficients vary from lake to lake due to
size, morphology, and climate (Guseva et al., 2023). Even though Earth's largest lakes, like the Great Lakes,
embody many processes similar to the coastal ocean, COARE's suitability may be questionable, for example, due
to different wave states in lakes compared to oceanic conditions (Lükő et al., 2022). In the Great Lakes, COARE
has been validated against eddy covariance (EC) observations during ice‐free periods, mainly in summer, fall, and
mild winters (Charusombat et al., 2018). Yet, CICE fluxes have not yet been evaluated against measurements for
the Great Lakes, nor for full or partial ice cover. Overall, modeled turbulent fluxes in the operational Great Lakes
models have not been validated in the wintertime when the greatest wind speeds, temperature differences, and,
thus, evaporation rates occur, and therefore our study serves as a significant gap in large lake prediction
(Charusombat et al., 2018; Fujisaki‐Manome et al., 2017; Lenters et al., 2013).

The EC technique is still the most accurate and direct method for turbulent flux observation at single locations, but
it is not cost‐effective and is prone to many possible error sources. The Great Lakes Evaporation Network
(GLEN) (Blanken et al., 2011; Nicholls et al., 2024) has been operating several EC measurement stations year‐
round for almost two decades. GLEN has one or two stations for each lake, typically located offshore. The long‐
term GLEN flux data have been used in many applications in the past, for example, lake‐wide water balance
estimations (Gronewold et al., 2015) and lake‐atmosphere interaction pertinent to numerical weather predictions
(Blanken et al., 2011; Sharma et al., 2018). Even though point measurements may only represent local fluxes,
temperature, and ice conditions, validating the Great Lakes' hydrodynamic‐ice models with these measurements
helps us to understand the physical processes, including their spatial variability across some of Earth's largest
lakes.

In this study, we evaluate surface turbulent flux predictions for the Great Lakes for the wintertime using the three‐
dimensional hydrodynamic‐ice model used in operational forecasting and compare these predictions to EC ob-
servations for 4 years. This analysis provides the first assessment of flux algorithms used for large lakes in the
winter period under partial ice coverage. The resulting analysis can support the future development of the model
for more accurate forecasts of hydrodynamics and ice conditions for the Great Lakes and Earth's large lakes as a
whole.

2. Methods
2.1. Data

Two data sets, primarily based on satellite observations, were used in our analysis: The U.S. National Ice Center
and Canadian National Ice Service Analysis (NIC) (Assel, 2005) and the Great Lakes Surface Environmental
Analysis (GLSEA) (Schwab et al., 1999). NIC and GLSEA data consist of daily gridded charts of ice type, ice
concentration (aice), ice thickness (vice), ice floe size estimation, and water surface temperatures (Tw) for the ice‐
free part of the lakes with 1.8 × 1.8 km spatial resolution. In the case of cloudy periods, data were gap‐filled with
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interpolation spatially and temporally. We note that there are no direct routine measurements of ice thickness in
the Great Lakes. Instead, there are only ice thickness categories that provide a potential thickness range, which are
inferred from ice‐type observations and expert judgment. However, these estimates can still be useful for
analyzing predicted fluxes. The GLEN has available turbulent flux data between 2008 and 2022 at several lo-
cations over the lakes (Blanken et al., 2011; Nicholls et al., 2024). We used data from Lake Superior's Stannard
Rock Lighthouse (STD), Lake Michigan's White Shoal Lighthouse (WSL), and Lake Huron's Spectacle Reef
Lighthouse (SRL) (Figure 1). Eddy‐covariance data consisted of 30‐min sensible (H) and latent heat fluxes (LE)
with basic flux corrections, removal of spikes, and visual level of quality control (Spence et al., 2011). The
measurement heights are 32 m at STD, 43 m at WSL, and 30 m at SRL stations above the mean water surface.
Further details about the stations' instrumentation can be found in Nicholls et al. (2024). STD had two gas an-
alyzers, the Licor KH20 krypton hygrometer and the Campbell Scientific LI‐7500 IRGA, which were working
simultaneously when available, but in the GLEN data, there was only one variable (which was a mix of available
data). Unfortunately, in the simulated years, data from only one sensor was available at any given time. The other
two stations, SRL and WSL, had single KH20 instruments. We note that there are other stations in the GLEN
database that have not been used in this study due to data sparsity, quality issues, or the unique location of those
stations, which are less likely to represent water or ice conditions of the Great Lakes as compared to the three
stations chosen.

2.2. Hydrodynamic‐Ice Model

The FVCOM three‐dimensional hydrodynamic model (Chen et al., 2003) solves the Reynolds‐averaged Navier‐
Stokes and transport equations and uses the Smagorinsky turbulence model horizontally and the Mellor‐Yamada
2.5 model vertically. The model solves the equations on an unstructured triangular mesh. The model's horizontal
resolution ranges from 50 m near coastlines to 2.5 km offshore (around 1.6, 1.8, and 2 km near SRL, WSL, and
STD stations, respectively), and it has 21 evenly distributed sigma layers vertically for all lakes. We used NOAA‐
GLOFS's current version model settings (Anderson et al., 2018). The domain consists of a separate model for
Lake Superior and a combined one for Lake Michigan‐Huron.

The model's boundary conditions are the surface turbulent momentum and heat fluxes. For the open water heat
fluxes, FVCOM uses the Coupled Ocean‐Atmosphere Response Experiment (COARE) bulk parameterization
(Fairall et al., 2003). COARE performs a few‐step iteration to estimate the fluxes using the Monin‐Obukhov
similarity theory from routine meteorological input to take atmospheric stability conditions into account.

The Los Alamos Sea Ice Model's (CICE) unstructured grid version is two‐way coupled with the FVCOM model
to calculate ice growth, melt, and movement. The model includes ice dynamic processes, elastic‐viscous‐plastic
rheology, ice thermodynamics, and a dynamic albedo that depends on ice thickness, snow depth, and surface
temperature. The FVCOM version of CICE has been parameterized for freshwater lake conditions to improve the
simulations of ice concentrations, and the modifications are part of the publicly available FVCOM code (v3.2 and

Figure 1. Great Lakes Evaporation Network sites (red dots) with photos of the stations used in the analysis, including
Stannard Rock Lighthouse at Lake Superior, White Shoal Lighthouse at Lake Michigan, and Spectacle Reef Lighthouse at
Lake Huron. Eddy‐covariance and routine weather measurements are carried out at the top of these lighthouses (Blanken
et al., 2011; Spence et al., 2011).
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after) and have been applied in several Great Lakes studies. The full extent of the freshwater parameterizations is
available in the FVCOM source, and descriptions are detailed in recent literature (Fujisaki‐Manome et al., 2020a,
2020b; Lin et al., 2022). Most notably, the freshwater modifications included changes to the ice thickness cat-
egories (5, 25, 65, 125, and 205 cm), use of Hibler's Law for ice strength, alternative ridging parameterization for
freshwater ice, minimum thickness for frazil ice, and salinity‐related adjustments. The fluxes in CICE are
calculated using bulk transfer coefficients for both air‐ice and ice‐water interactions using a couple‐step iteration
considering atmospheric stability conditions.

We employed an interpolated meteorological forcing field according to the NOAA Great Lakes Coastal Forecast
System method (Croley, 1989; Liu & Schwab, 1987; Phillips & Irbe, 1978; Resio & Vincent, 1977; Schwab &
Bedford, 1994; Schwab & Morton, 1984), using all the available stations around the lakes including the GLEN
station meteorology. The input data includes 10‐m wind, shortwave and longwave radiation, 2‐m air temperature,
humidity, and pressure. The model's initial condition for the water temperature was set as the GLSEA observed
temperature for the well‐mixed surface mixing layer, and 4°C below.

We chose different medium‐to high‐ice years for the simulations when flux data were available. Four winter
seasons were simulated from December 1st to May 1st: 2013–2014, 2014–2015, 2017–2018, and 2018–2019.
Michigan WSL station did not have latent heat flux data for 2014–2015, and Superior STD station did not have
any flux data for 2017–2018 and 2018–2019.

We evaluate the model simulations first by ice concentration (aice), ice thickness (vice), and water surface tem-
peratures (Tw). Then, we analyze the turbulent sensible (H) and latent heat fluxes (LE). We compare these
variables locally using data from the grid nearest to the stations. To evaluate each flux model, we separately look
at the COARE fluxes for fully open water conditions and then the CICE‐based turbulent fluxes for nearly 100%
ice concentrations. We also check the fluxes during partial ice cover, such as both fluxes (F) are currently
calculated according to the ratio of ice concentration:

F = FCICE · aice + FCOARE · (1 − aice) (1)

where F is the flux (either sensible or latent heat), FCICE is the ice surface flux, FCOARE is the open water flux, and
aice is the ice concentration.

This means that the model currently does not account for ice thickness in the flux fractioning, only the ice
concentration (Figure 2a). We suggest that the open water flux fraction should be modified based on the ice
thickness. Thin ice can have many cracks (not represented by the spatial resolution of either the FVCOM‐CICE
model or the NIC data), and also during melting, water on top of the ice could result in extra water fluxes. As an
example, we show a simple modification (Figure 2b), where we modify the very thin ice (vice < 100 mm) and very
thick ice (vice > 500 mm). Thin ice fluxes are increased by the higher open water flux ratios, and thick ice fluxes
are reduced by less open water fluxes, only in the fractioning calculations. Future studies should apply other linear
or non‐linear functions for different ice thickness ranges in the FVCOM model to test the coupled effect of

Figure 2. Fraction of open water flux as a function of ice concentration (a) in the Finite Volume Community Ocean Model
model (b) in the modified calculations shown in this study as an example and (c) possible functions to test and model in the
future.
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modified fluxes, temperatures, ice concentration, and thickness to improve the operational hydrodynamic‐ice
model forecasts in the Great Lakes (e.g., Figure 2c).

3. Results
3.1. Ice Conditions and Surface Temperatures

We start our model evaluation by examining the Root‐Mean Square Error (RMSE) between simulated and
observed ice concentrations. We looked at the model performance based on lake averages and locally at the
stations (Table 1). For the analysis at the stations, we used the closest NIC grid and FVCOM node because the
spatial variability was low near the stations; in contrast, the footprint of the flux towers might be smaller than the
NIC and FVCOM grid resolution. All the ice concentration time series for each winter and station can be found in
Figure S1 in Supporting Information S1. We found that lake averages were captured well with the model, while
there is high variability of model performance at the station locations. As a representative example, Figures 3a and
3b show time series of modeled and observed ice concentrations for Lake Huron in winter 2014–2015.We see that
the model only slightly overestimates the amount of ice concentration by considering the lake average. However,

ice concentrations are highly overestimated at the Spectacle Reef station
(SRL). FVCOM showed over 50% ice in January and March and did not
capture the low ice concentration found in the NIC.

We calculated RMSEs between the modeled and observed ice data for each
lake and station for each winter (Table 1). We found that the lake average
RMSEs were much lower than locally at the stations, with RMSEs of 16% for
lake average and 34% at the stations for all lakes and all winters. The deepest
lake, Lake Superior, had the highest errors among the lakes, similar to pre-
vious studies (Anderson et al., 2018; Yeo et al., 2024). In 2017–2018 and
2018–2019, RMSE was smaller at Lake Michigan and Huron, but Lake Su-
perior's errors are not included due to a lack of data and, thus, simulations. At
the station locations, the modeled ice concentration errors vary from year to
year and station to station, as the RMSEs show, between 23% and 44%.
Generally, for deep water at the Stannard Rock station (STD), the RMSEs are
high for both years. For the shallow water and thick ice at White Shoal station
(WSL), the RMSEs are somewhat lower than at SRL, with more water and ice
movement, where errors vary yearly.

Although there are no direct ice thickness observations, we attempt to
compare modeled ice thickness with the NIC estimated minimum and
maximum thickness ranges. For example, in Figure 3c, we show modeled ice
thickness compared to the NIC estimates at Lake Huron's SRL station in the
winter of 2014–2015. We see the same thickness overestimation of FVCOM
as the concentrations, but the model cannot capture the transient ice move-
ment around the site. NIC shows that thick and thin ice are passing by the
station. For all winters and stations, the ice thickness comparisons can be

Table 1
Finite Volume Community Ocean Model and National Ice Center Ice Concentration RMSEs for Each Lake Average and
Station for Each Simulated Winter

Ice concentration RMSE [–]

Huron Michigan Superior All sites

Lake avg. SRL Lake avg. WSL Lake avg. STD Lake avg. Station

2013–2014 0.12 0.27 0.16 0.30 0.30 0.43 0.19 0.33

2014–2015 0.13 0.42 0.11 0.32 0.28 0.44 0.17 0.39

2017–2018 0.07 0.29 0.05 0.24 – – 0.06 0.27

2018–2019 0.08 0.23 0.04 0.31 – – 0.06 0.27

All winters 0.10 0.30 0.09 0.29 0.29 0.44 0.16 0.34

Figure 3. Time series of ice conditions for Lake Huron in winter 2014–2015,
(a) lake average ice concentrations, (b) local ice concentrations, (c) local ice
thickness, and (d) local water surface temperatures at Spectacle Reef station
with Finite Volume Community OceanModel model (blue) and National Ice
Center and Great Lakes Surface Environmental Analysis data (red).
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found in Figure S2 in Supporting Information S1. The ice thickness at SRL
was simulated well except for 2013–2014, with high model overestimation. In
comparison, WSL has a higher thickness in general. In the first part of the
winter, it is captured well by FVCOM, where the values are close to the
bottom of the NIC thickness ranges; then, later in the winter, the model un-
derestimates NIC values.

In regard to surface water temperature comparisons with the satellite‐based
GLSEA, the SRL station is taken as a representative example Figure 3 for
the winter of 2014–2015 (Figure 3d). The model closely follows the daily
GLSEA surface temperature. In these 5 months, the water surface temperature
drops from 4 to nearly 0°C and freezes, then slowly increases to 3°C. Figure
S3 in Supporting Information S1 shows all winter and station time series.

3.2. Turbulent Heat Fluxes

We analyzed the Great Lakes' turbulent heat fluxes locally. We compared
simulated and observed sensible and latent heat fluxes at the three stations. In
Figure 4, we show modeled and observed ice concentrations, as well as
sensible and latent heat flux time series for STD station in winter 2013–2014.
In this example, the error between modeled and observed fluxes is high, but
the source of model error is in the simulated ice concentrations. In January
2014, both turbulent heat fluxes were highly underestimated by the model. At
the same time, the model shows high ice cover, while the NIC shows mostly
ice‐free conditions until the end of January 2014. In April 2014, the model
showed gradually melting ice with lower ice concentrations, while the NIC
observation still showed high ice concentrations. The fluxes in the model
during partial ice cover are calculated by fractioning by the ratio of the open
water and ice fluxes based on ice concentrations (Equation 1). We recalcu-

lated the modeled fluxes using the NIC instead of the FVCOM ice concentrations to reduce the effect of ice errors
in evaluating COARE and CICE fluxes. Figure 4 shows that the model flux errors are highly reduced, especially
when there is more open water than the model assumes. As a result, only NIC ice‐corrected fluxes are analyzed
from this point. While the flux errors are significantly reduced when NIC is used for ice concentration correction,
we note that this will partly introduce uncertainty associated with errors in the NIC ice data because its spatial
resolution may be larger than the flux tower's footprint. Nevertheless, this shows that the estimates are reliable if
the lake ice concentrations are adequately resolved, and thus, more generally, the CICE flux algorithm is able to
provide reasonable estimates.

In Figure 5, we show the time series of ice with NIC and sensible and latent heat fluxes with the FVCOM model
and the GLEN data at all stations for all winters. The NIC ice fractioning results in low deviations from ob-
servations for the sensible heat fluxes for all simulations. At the same time, we found high latent heat flux de-
viations in many cases but not at all times or locations. Generally, latent heat flux discrepancies are more frequent
at the beginning and middle of winter and less so in the spring months. We found no significant difference in the
atmospheric, hydrodynamic, or ice conditions between these periods; however, the combination of precipitation
and low air temperatures may have led to the icing on the instrument, producing unrealistic flux calculations. We
note thatWSL, SRL, and STD all have KH20 krypton hygrometers, while STD additionally has an LI‐7500 IRGA
installed and running during most years. Only the KH20 was working in 2014–2015, while only the LI‐7500
IRGA instrument was working in 2013–2014 at STD. Frank and Massman (2023) show that the different EC
instruments may result in different flux errors, possibly due to limited calibration, which was not possible to carry
out sufficiently in such remote locations at the lighthouses during winter. In the Discussion, we show long‐term
winter latent heat fluxes with both the KH20 and LI‐7500 instruments at STD from the AmeriFlux database that
support our previous findings about uncertain KH20 data. For this reason, in the following sections, uncertain
values in the GLEN data are excluded and marked in light red colors in the flux time series. These GLEN data
uncertainties are assessed in detail in the Discussion.

Figure 4. Time series of (a) ice concentration from the Finite Volume
Community Ocean Model (FVCOM) and National Ice Center (NIC),
(b) sensible and (c) latent heat fluxes with the FVCOM model, Great Lakes
Evaporation Network data, and the NIC ice‐fractioned FVCOM at Lake
Superior's Stannard Rock station in winter 2013–2014.
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We evaluated the model using daily turbulent heat flux RMSEs summarized in Table 2 for each lake and winter.
We also show latent heat flux RMSEs with the uncertain data included and filtered out. For all lakes and winters,
the mean RMSEs were ∼40 W m− 2 and ∼30 W m− 2 for sensible and latent heat flux, respectively. There is some

Figure 5. Time series of ice concentration from National Ice Center (black), sensible and latent heat fluxes with uncertain
(light red), and filtered Great Lakes Evaporation Network (red) data and Finite Volume Community Ocean Model (green) at
(a, d, g, i) Spectacle Reef, (b, e, h, j) White Shoal, and (c, f) Stannard Rock stations for (a–c) 2013–2014, (d–f) 2014–2015,
(g, h) 2017–2018, and (i, j) 2018–2019 winters.
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variability between different years, but RMSEs vary between 38 and 45 W m− 2 for H and between 24 and 33 for
LE. There is even more variability between stations, where RMSEs vary between 32 and 47Wm− 2 forH and 22–
34Wm− 2 for LE. There are significantly smaller sensible heat flux errors at Lake Huron's SRL station than at the
other two stations, which also have the highest latent heat flux errors. When the uncertain LE data are included, it
results in greater variation in the RMSEs (shown in parentheses in Table 2). While there are periods without much
difference compared to the filtered RMSEs, in most cases, RMSEs increase two to four times higher and reach
almost 100 W m− 2 using the raw GLEN latent heat flux data.

Based on all simulations, we compare modeled and observed fluxes in Figure 6. The gray color shows the un-
certain GLEN data. In Figures 6a and 6b, we show the original FVCOM fluxes fractioned by the FVCOM ice
concentrations for the whole season, colored by the NIC ice concentrations. We see high NIC ice concentrations
and very low fluxes; the RMSE for sensible and latent heat flux is 53.6 and 34.7 W m− 2, respectively. In
Figures 6c and 6d, we show NIC fractioned fluxes for the whole seasons colored by ice concentration bias
(modeled minus observed), where we see reduced RMSEs, which are 40.7 and 30.0 Wm− 2 for sensible and latent
heat flux, respectively. Despite the ice error (the NIC corrected), modeled fluxes agree with the observations. In
Figures 6e and 6f, we only show fluxes for open water conditions when NIC ice concentrations are below 0.1,
colored by temperature differences. The model fluxes are even better, resulting in RMSEs of 36.5 and 24.4Wm− 2

for H and LE, respectively. The model shows a small overestimation for the high sensible heat fluxes. In
Figures 6g and 6h, we only show fluxes for nearly complete ice‐covered conditions when NIC ice concentrations
are above 0.9, colored by the NIC ice thickness. Here, we find a worse match between the model and observations,
resulting in RMSEs of 45.4 and 35.0 Wm− 2 forH and LE, respectively. Here, both sensible and latent heat fluxes
have similarly high errors. When the thickness is low (blue dots), the model can either underestimate or over-
estimate the fluxes. Sometimes, in the case of high thickness (red dots) the model underestimates the fluxes, likely
due to the residual error in the modeled ice thickness, surface temperatures, and ice fluxes (even when con-
centration is adjusted to the NIC). In contrast, when the thickness is medium‐high (yellow dots), the model fluxes
are too high compared to the GLEN data.. This suggests that the ice thickness strongly influences ice fluxes, while
currently, the air‐ice flux calculation method does not consider ice thickness.

To further analyze this problem, we show the FVCOM modeled and GLEN observed sensible heat fluxes by
stations, separately for freezing (Figures 7a–7i) and melting (Figures 7j–7r) as well. Periods were selected
manually for each simulation based on theNICdata. Each row shows the samedata points but colored differently by
NIC ice concentrations (Figures 7a–7c and 7j–7l), ice surface and air temperature differences (Figures 7d–7f and
7m–7o), and NIC ice thicknesses (Figures 7g–7i and 7p–7r). There is no data for STD for melting because it
extended beyond the simulation period. The results clearly show by the ice concentration coloring that there is
limited fractional ice data in the NIC, as most values are near‐zero or 100% ice. At the same time, flux values are
generally well modeled for lower ice concentrations, but larger deviations occur when high ice concentrations
occur. This could be due to erroneous ice fluxes, but may be more likely caused by NIC's overestimation of ice
concentrations and failure to resolve subgrid‐scale fractures. In general, the ice surface and air temperature dif-
ferences, aswell as the flux values, are higher in the freezing period, andwhile theNIC ice thickness is only a rough
approximation, there is lower ice thickness in the freezing period.Whenmelting atWSL, there aremany flux errors

Table 2
Summary Table of the Sensible and Latent Heat Flux RMSEs With the Finite Volume Community Ocean Model Model and
Great Lakes Evaporation Network (GLEN) Data, With (in Parentheses) and Without the Uncertain GLENData for the Latent
Heat Flux

Flux RMSE [W m− 2]

Huron SRL Michigan WSL Superior STD All sites

H LE H LE H LE H LE

2013–2014 37.6 (97.5) 37.0 43.2 (58.5) 33.1 45.0 (26.4) 21.6 41.9 (60.8) 30.6

2014–2015 30.3 (95.4) 35.6 38.9 – 44.2 (87.4) 22.0 37.8 (91.4) 28.8

2017–2018 24.8 (61.7) 22.2 49.7 (30.9) 25.4 – – 37.3 (46.3) 23.8

2018–2019 33.9 (58.4) 39.1 55.4 (27.1) 27.2 – – 44.7 (44.8) 33.2

All winters 31.7 (78.3) 33.5 46.8 (38.8) 28.6 44.6 (56.9) 21.8 40.3 (60.4) 29.2
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related to low temperature differences and thick ice compared to the GLEN data. Although not shown, the latent
heat fluxes demonstrate similar patterns.

For complete or nearly‐complete ice cover, we show modeled and observed sensible and latent fluxes by each
station, including a simple fractioning modification using the model data (Figure 8). Data are colored by the ice
surface and air temperature differences (Figures 8a–8f) and the mean of the NIC‐estimated ice thickness intervals
(Figures 8g–8r). There are smaller flux errors in the case of the sensible heat flux, which may be related to the
GLEN latent heat flux uncertainties. There are significant differences between the flux error, temperature

Figure 6. Finite Volume Community Ocean Model (FVCOM) modeled, and Great Lakes Evaporation Network (GLEN)
observed (a, c, e, g) sensible and (b, d, f, h) latent heat fluxes for (a)–(b) whole winters colored by National Ice Center (NIC)
ice concentrations with FVCOM ice fractioning, (c)–(d) whole winters colored by ice concentration bias (modeled minus
observed), (e)–(f) open water only colored by the lake‐air temperature differences, (g)–(h) ice cover colored by NIC ice.
Uncertain GLEN flux data are shown in gray. For (c–h) we use NIC ice fractioning of fluxes similar to other figures.
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difference, and ice thickness for each station. Again, the NIC ice thickness has some uncertainty since it is only a
rough estimation; however, we found notable relationships. Even though the number of data points are limited,
the model underestimations seem larger in the case of thin ice for higherH and LE fluxes. When STD experiences
thick ice of 700 mm, the FVCOM flux estimation improves. WSL station has thick ice of 500 mm for most
simulation periods, and the GLEN observed sensible and latent heat fluxes are very low. The near‐zero fluxes
could also be site‐specific forWSL, which is shallower, and waves and ice movement are limited due to the Straits
of Mackinac at the connection between Lakes Michigan and Huron, where ice can build up without cracks.

Figure 7. Finite Volume Community Ocean Model modeled and Great Lakes Evaporation Network observed sensible heat
fluxes for (a–i) freezing and (j–r) melting periods for each station for fractional ice. Colored by (a–c, j–l) National Ice Center
(NIC) ice concentration, (d–f, m–o) modeled ice surface and air temperature difference, and (g–i, p–r) NIC ice thickness.

Figure 8. Finite Volume Community Ocean Model modeled and Great Lakes Evaporation Network observed (a–c, g–i, m–o)
sensible and (d–f, j–l, p–r) latent heat fluxes for each station for near‐full ice cover only, where (m–r) show modified flux
fractioning based on ice thickness. Colored by (a–c, d–f) ice surface and air temperature difference, and (g–r) National Ice
Center ice thickness.
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We note that our study aimed to analyze fluxes during periods of partial ice concentrations, aside from the
separate open water and fully ice‐covered conditions. However, both the NIC data and modeled ice concentra-
tions reveal very few periods of partial ice at the stations where flux data is available, whether that is realistic or
not. Due to its spatial and temporal resolution, the NIC data is unlikely to represent the true dynamic ice field, and
yet the CICE continuum ice model is also limited in its ability to resolve finer‐scale features. This can lead to
errors in both the ice and the flux predictions that should be considered in model validation.

4. Discussion
4.1. Potential Model Improvement

We suggest adjustments be made in addition to pro‐rating flux by ice concentration in the future, as it is not the
only contributing factor. An example would be changing the fractioning equation for different ice thickness
ranges. We test a simple calculation using the FVCOM‐CICE and COARE fluxes and modifying the ratio of the
open water fluxes (Figures 8m–8r) for the very thin ice below 100 mm and thick ice above 500 mm. There is some
visible improvement at SRL, and some of the high fluxes are reduced at WSL too; however, there are a couple of
points where fluxes became even less accurate compared to the GLEN. We do not calculate RMSE improvement
because these flux changes interact with the other hydrodynamic and ice processes that should be considered.
Different model modifications based on ice thickness (or other variables) should be tested in the FVCOM model
and compared with flux and ice data to improve the operation forecasts in the future.

4.2. Comparison With Other Studies

Charusombat et al. (2018) carried out a detailed flux analysis of the Great Lakes, testing several flux models for
the ice‐free periods between 2012 and 2014. Fluxes were evaluated against GLEN data for the same three stations
as in our study and one additional location. COARE performed the best out of the models, and they revised the
parameterization of the other models to improve their respective model fluxes. Similar to our findings, they
obtained low RMSEs for the sensible heat flux for all three stations. The latent heat flux RMSE was similarly low
for STD and WSL, while SRL yielded higher values. Interestingly, while the revised parameterizations improved
sensible heat fluxes at all three stations, the same degree was not reflected in latent heat fluxes at STD and WSL,
and model skill even deteriorated at SRL. Xue et al. (2024) also did a detailed evaluation of coupled lake‐ice‐
atmosphere models, including assessing modeled and measured turbulent heat fluxes. Their analysis covered
the winter of 2014–2015, as in our study, and their 3D lake model simulations resulted in a good match with the
GLEN data for sensible heat fluxes but showed high errors for latent heat fluxes at SRL. At the same time, both
modeled fluxes were in good agreement with the measured ones at another station, Granite Island in Lake Su-
perior. At the beginning of January 2015, the daily GLEN latent heat fluxes highly differ at these two stations,
with ∼200 W m− 2 at Granite Island and ∼400 W m− 2 at SRL on average, while the coupled model system
simulated similar, ∼200 W m− 2 values at both locations. We note that Granite Island was using an LI‐7500 that
year, and SRL was using a KH20 krypton hygrometer. In short, the study of Charusombat et al. (2018) confirms
that the employed COARE algorithm can be a reliable choice for flux calculations, while the similar results of Xue
et al. (2024) suggest the potential for uncertainty in the measured data in our analysis, which will be discussed
further.

4.3. Flux Uncertainties

In the results, we showed two evaluations, one with the full data set and one excluding some high latent fluxes. In
the following section, we corroborate why specific periods of observed latent heat fluxes might be best dis-
regarded in the evaluation of the FVCOM model, as these measured values are inexplicably high.

Figure 9 shows daily latent heat fluxes from STD against the product of wind speed and specific humidity
gradients for both winters (between December 1st and February 1st). Water surface temperatures were taken from
the GLSEA data. Data points follow a nearly linear regression line with a small scatter for both 2013–2014 and
2014–2015. There are a few outliers during 2013–2014 with low latent heat flux values, which may have been
caused by the lake ice at the end of January 2014 (ice is not accounted for in the specific humidity gradient).
However, these values were also captured by the model, as shown in Figure 4. However, the high‐value outliers of
January 2015 (shown in yellow) deviate significantly from the quasilinear relationship in Figure 9. If we consider
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these outliers to be unrealistically high, then we could define a bulk threshold
above which daily latent heat fluxes should be considered cautiously.

To resolve the suspicion of unrealistically high latent heat fluxes, we per-
formed a simple but robust sensitivity analysis. We reran the COARE model
assuming ice‐free, open‐water periods by perturbing the forcing data (wind
speed, air temperature, and relative humidity) to obtain a maximum possible
upper limit and, thus, a metric for realistic flux values. We used the original
time series with modifications of (a) increasing wind speed by 20%, (b)
increasing air‐water temperature difference by +5°C (to intensify atmo-
spheric instability), and (c) decreasing relative humidity by 20% (to increase
the vertical humidity gradient). We analyzed these modifications separately,
but their combined application resulted in the largest fluxes; thus, we only
show those. Figure 10 shows a daily time series of ice concentrations, sen-
sible, and latent heat fluxes with the original COARE and with perturbed

forcings as a realistic upper limit for the two winters for STD. As a result of the modifications, sensible heat fluxes
are significantly overestimated for both winters, mainly caused by the increased air‐water temperature difference.
The 20% increase in wind speed alone did not significantly change either of the two heat fluxes, as the fluxes are
highly affected by atmospheric stability during highly unstable conditions in winter. In the case of latent heat flux,
the differences are not significant, but it is clearly notable that the very high LE values cannot be reached with the
COARE‐based upper limit estimates, even when completely ice‐free conditions were imposed.

Figure 11 shows the LE bias, air temperature, and daily precipitation time series for winter 2014–2015 at the STD
station. Inspection of these time series reveals that it is possible that the latent heat flux measurements were
affected by frozen droplets on the EC instrumentation (Campbell Scientific KH20 krypton hydrometer), as
precipitation events and very low temperatures preceded and accompanied the days with LE high bias. Moreover,
in several periods, the LE bias increased and decreased in parallel with the air temperature. Frozen precipitation
could include various types, including frost, freezing rain, fog, spray, and snow, and we suspect that frost and
freezing fog or spray could impact errors more than snow. In short, extreme meteorological conditions can result
in measurement inaccuracy, which could explain the anomalous values, but further sensor information would be
needed to confirm this hypothesis.

Nicholls et al. (2024) published the Stannard Rock flux data in the AmeriFlux data archive. STD had two gas
analyzers operating simultaneously from 2008 until 2022 with occasional gaps. We compared daily latent heat

Figure 9. Daily latent heat fluxes as a function of the product of wind speed
and specific humidity gradients at Lake Superior's Stannard Rock station
between December 1st and February 1st in winter 2013–2014 (red),
2014–2015 (blue), and uncertain values are shown with yellow circles.

Figure 10. Time series of (a), (d) National Ice Center ice concentrations, (b), (e) sensible and (c), (f) latent heat fluxes at Lake
Superior's Stannard Rock station in winter (a)–(c) 2013–2014 and (d)–(f) 2014–2015 with Great Lakes Evaporation Network
data (red), Coupled Ocean‐Atmosphere Response Experiment (COARE) (blue), and COARE sensitivity analysis (dashed
blue).
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fluxes in winter and plotted the two instruments' fluxes against each other
(Figure 12). The KH20 krypton hydrometer consistently measured higher flux
values than the LI‐7500 IRGA instrument by roughly 25%–30%, even though
Nicholls et al. (2024) used a stricter quality control than theGLEN. This agrees
with our findings that most stations and years with KH20 had unrealistically
high LE values during winter, while the LI‐7500 measured values in 2013–
2014 at STD matched the modeled fluxes. The differences between the two
instruments are much smaller in the summer period (Nicholls et al., 2024).

In summary, in the case of STD, based on the Δq·U and LE relationships, we
believe it is reasonable to exclude those values and periods from the model
evaluation. Therefore, for the model evaluation, we calculated the errors
using filtered data sets since the sensitivity analysis‐based upper limits
confirmed our suspicion.

4.4. Meteorology Forcing

The quality of the meteorology input may highly influence the output of the
hydrodynamic model. In this study, we have used interpolated meteorology
forcing based on the available stations around the lake and the GLEN stations

located in the open water, a common approach in Great Lakes modeling for years that extends before the
availability of modern forecast products such as the NOAA High‐Resolution Rapid Refresh (HRRR; Benjamin
et al., 2016). Figure 13 shows the turbulent flux time series with and without including Spectacle Reef station data
in the interpolation for the meteorology forcing of the model. With Spectacle Reef included, the FVCOM model
estimates match significantly better with the GLEN data in the case of sensible heat flux. Regarding latent heat
fluxes, the impact of including open water stations is less pronounced but still noticeable. We found that the effect
of including an open water station can be high, especially at the beginning of winter. The smaller deviations in the
middle of the winter are most likely due to ice errors in the NIC for sensible heat. In the case of latent heat, both ice
errors and the observed flux uncertainties described earlier are present. It is not surprising that the meteorological
forcing is crucial to the model's accuracy, but it underscores the importance of open water observations and data
assimilation into weather forecast products.

5. Conclusion
In this study, we evaluated winter turbulent heat exchanges modeled by the
coupled hydrodynamic‐ice model (FVCOM‐CICE) of the Great Lakes used
for operational forecasts. Hindcast simulations were made for several winter
periods driven by interpolated meteorological forcing based on the available
station data around the lakes. We analyzed model outputs, that is, surface
temperature, ice condition, and turbulent heat fluxes for three lakes for ice‐
free, ice‐covered, and partial ice conditions. We assessed the modeled
fluxes with EC observations from the GLEN.

In the case of the Great Lakes, turbulent heat fluxes peak in the fall and early
winter due to large temperature gradients and high wind speeds. The model
accurately captured the open water fluxes. With the appearance of ice, dif-
ferences in the measured and modeled turbulent fluxes were observed, due to
several factors. On the one hand, FVCOM ice output errors can result in a heat
flux bias due to a misleading ice concentration. On the other hand, modeled
heat fluxes cannot be adequately assessed due to the lack of ice surface
temperature data. Finally, we found a convincing relationship between flux
errors and ice thickness based on the flux observations. However, ice thick-
ness data from the National Ice Center is not derived from direct measure-
ment; therefore, its accuracy is unknown. Thin, melting ice has many small
cracks and water on top of the ice that may result in nearly as high fluxes as
open water conditions. In contrast, very thick ice may reduce heat fluxes to

Figure 11. Time series of (a) latent heat flux bias (model minus observed),
(b) observed interpolated air temperature, and (c) model precipitation at
Lake Superior's Stannard Rock station in winter 2014–2015. Precipitation,
cold air temperatures, and high latent heat flux are highlighted in gray.

Figure 12. Daily latent heat fluxes at Superior's Stannard Rock station during
winter from December 1st until March 1st between 2008 and 2022 from the
AmeriFlux database with two instruments (LI‐7500 IRGA and KH20
krypton hygrometer gas analyzers).
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near zero, from which one can assume that ice surface temperature is closely equal to air temperature in these
cases. In the future, including ice thickness in the model's flux calculation could improve temperature and ice
forecasts. The model development is especially important because of the declining ice concentration and the more
partial and thinner ice due to climate change. Finally, we found anomalous observed latent heat fluxes with
unrealistically high values both during ice‐free and ice‐covered periods, especially during freezing in early winter
with low temperatures and frozen precipitation. These observational data during such conditions should be used
cautiously for model validations.
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