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Abstract. Monitoring of lake ice is important to maintain transportation routes but in recent decades the number of in situ 15 

observations have declined. Remote sensing has worked to fill this gap in observations, with active microwave, particularly 

synthetic aperture radar (SAR), being a crucial technology. However, the impact of wet conditions on radar and how 

interactions change under these conditions has been largely ignored. It is important to understand these interactions as warming 

conditions are likely to lead to an increase in the occurrence of slush layers. This study works to address this gap using the 

snow microwave radiative transfer (SMRT) model to conduct forward modelling experiments of backscatter for Lake 20 

Oulujärvi in Finland. Experiments were conducted under dry conditions, under moderate wet conditions, and under saturated 

conditions. These experiments reflected field observations during the 2020-2021 ice season. Results of the dry snow 

experiments support the dominance of surface scattering from the ice-water interface. However, conditions where layers of 

wet snow are introduced show that the primary scattering interface changes depending on the location of the wet layer. The 

addition of a saturated layer at the ice surface results in the highest backscatter values due to the larger dielectric contrast 25 

created between the overlying dry snow and the slush layer. Improving the representation of these conditions in SMRT can 

also aid in more accurate retrievals of lake ice properties such as roughness, which is key for inversion modelling of other 

properties such as ice thickness.  

1 Introduction 

There is increasing interest in the study of lake ice across different latitudes. Both lakes and lake ice act as important controls 30 

of local climate and energy balance, impacting local precipitation amounts and temperatures (Rouse et al., 2008; Baijnath-

Rodino et al., 2018; Eerola et al., 2014). Beyond the impact on local conditions, lake ice provides crucial ecological services 

across the northern hemisphere. The formation of lake ice is crucial to the establishment of ice roads which aid in the 

transportation of goods and people during winter months. The majority of the Tibbitt to Contwoyto Winter Road in the 
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Northwest Territories, Canada is constructed over ice and provides a supply line to mining operations; over 3800 tonnes of 35 

material was hauled on the road during the 2020 season (2020 Winter Road Poster, 2020). The formation of lake ice at mid-

latitudes is also important for recreational activities such as ice fishing and snowmobiling which are major contributors to local 

economies in winter months (Cummings et al., 2019). Furthermore, under the World Meteorological Organizations Global 

Climate Observation System (GCOS) both lake ice cover and lake ice thickness are named as thematic products of lakes as an 

essential climate variable (ECV), meaning that it is important to have accurate and consistent records of changes in these 40 

variables to act as indicators of climate change (World Meteorological Organization, 2022).  

While long-term ice phenology records >500 years do exist for a small sample of lakes (Sharma et al., 2022), observations of 

lake and river ice phenology have been declining since the 1980s (Murfitt and Duguay, 2021). These observations remain 

critical as the warming climate is resulting in later ice formation and earlier ice decay, leading to shorter ice seasons (Hewitt, 

2019; Lopez et al., 2019). These patterns are expected to continue into the future under different climate modelling scenarios 45 

(Brown and Duguay, 2011; Dibike et al., 2012). One possible issue for the use of lake ice with increasing temperatures is that 

the occurrence of mid-winter melt events and slushing events, most common at mid-latitudes (Ariano and Brown, 2019), will 

increase. Increased occurrence of these events could pose serious safety risks to the use of lake ice for transportation and 

recreation. 

Although ground observations of lake ice phenology have declined in recent decades, the use of remote sensing technologies 50 

has become more popular. Optical, passive microwave, and active microwave have shown to be capable of determining lake 

ice phenology dates and ice cover extents (Wu et al., 2021; Du et al., 2017; Hoekstra et al., 2020). Active microwave data, 

specifically synthetic aperture radar (SAR), is the most popular choice of the three due to several reasons. For example, unlike 

optical imagery, it does not require sunlight to image the ice surface and can do so under most weather conditions. Additionally, 

SAR imagery provides resolutions of <50 m for most image products allowing for the delineation of small and medium lakes 55 

(Murfitt and Duguay, 2021). The most common frequency for SAR remote sensing of lake ice is C-band, partially due to the 

availability of sensors that provide C-band imagery as well as the penetration depth, which is less impacted by upper ice layers 

and snow cover (Gunn et al., 2017). Observations of lake ice using L-band and X-band can provide additional information to 

C-band, for example L-band has shown success in monitoring methane ebullition bubbles for lakes in Alaska (Engram et al., 

2012). Synthetic aperture radar is the most widely used radar remote sensing technology for lake ice studies, however, other 60 

technologies such as radar altimetry are being increasingly used to retrieve properties such as ice thickness. This was 

demonstrated in  a recent investigation which used Jason-2/Jason-3 Ku-band waveforms to estimate lake ice thickness for 

Great Slave Lake in Canada (Mangilli et al., 2022). 

 In recent years there has been a shift in understanding how active microwave signals interact with lake ice. Scattering 

mechanisms (double-bounce, volume, and single-bounce/surface scattering) from lake ice cover is a key topic within the lake 65 

ice and radar remote sensing literature. Initial investigations of lake ice in the 1980s using X and L-band side-looking airborne 

radar systems connected high radar returns to the presence of tubular bubbles in the ice, stating that bright signals in the 

imagery were due to a double-bounce scattering mechanism (Weeks et al., 1981). This double-bounce was created as the radar 
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signal interacted with the vertical tubular bubbles and then with the ice-water interface, where there is a high dielectric contrast 

between the ice and water. Further investigations using spaceborne C-band systems (ERS-1 and RADARSAT-1) continued to 70 

support this theory and quantified the backscatter observed from lake ice (Jeffries et al., 1994; Duguay et al., 2002). In addition, 

past research also acknowledged the role of bubbles in contributing to volume scattering of radar signals in lake ice (Gunn et 

al., 2017; Matsuoka et al., 1999). However, these contributions were found to be smaller compared to the double-bounce 

mechanism. In more recent years, with the advent of fully polarimetric SAR data, new research has analyzed the scattering 

contributions from lake ice and determined that the dominant mechanism is a single bounce or surface scattering mechanism 75 

(Atwood et al., 2015; Engram et al., 2012; Gunn et al., 2018). This is attributed to roughness at the ice-water interface. 

Explanations for the roughness at this interface include the presence of tubular bubbles in the lower layers of the ice, methane 

ebullition bubbles, and differing rates of ice growth (Gunn et al., 2018; Engram et al., 2012, 2013).  

Modelling approaches provide a further valuable opportunity to explore the impact of changing ice properties (ice thickness, 

roughness, bubble size) on backscatter from lake ice. The results of recent modelling studies support the new polarimetric 80 

decomposition results, finding that the presence of elongated tubular bubbles at the ice-water interface has little impact on the 

backscatter from lake ice and that roughness of the ice-water interface is the key factor (Atwood et al., 2015; Tian et al., 2015). 

However, past modelling approaches have several limitations where applied models ignore different aspects of the lake ice 

column. For example, models have not factored in the presence of snow, ignored roughness of different interfaces, or 

considered the ice column to be a single homogenous layer. Recently the snow microwave radiative transfer (SMRT) model 85 

was used to conduct sensitivity analysis for lake ice under dry conditions (Murfitt et al., 2022, 2023). SMRT provides a 

framework where different electromagnetic, microstructure, and interface modules can be used, allowing for more faithful 

modelling of real conditions. Results of a recent sensitivity analysis using SMRT were found to be consistent with the results 

of other lake ice modelling and satellite observations, supporting the crucial role of the ice-water interface (Murfitt et al., 2022, 

2023). 90 

While recent modelling has focused on the roughness of the ice-water interface, increased water content and the representation 

of melt conditions has been largely ignored. Wakabayashi et al. (1999) used the integral equation model (IEM) for surface 

scattering to investigate scattering mechanisms from floating and grounded ice cover on the North Slope of Alaska. Simulations 

indicated that for both ice conditions the inclusion of water on the ice surface, either in a limited area or across the entire ice 

cover, results in an increase in backscatter (Wakabayashi et al., 1999). More recently, Han and Lee (2013) investigated the 95 

role that ice phase transition plays on backscatter due to changes that occur in the dielectric constant and roughness conditions 

using a ground-based C-band scatterometer. Similar to Wakabayashi et al. (1999), IEM was also used for the experiments 

conducted on Chuncheon Lake in South Korea. Changes of phase were simulated by spreading a thin layer of water on the top 

of the ice cover and analysis showed that when the water was initially spread on the ice, scattering from the top of the ice 

surface was strong due to the higher dielectric constant between water and air than ice and air (Han and Lee, 2013). However, 100 

as the water froze, ice-bottom and volume scattering increased due to more transmission of the signal through the ice column 

(Han and Lee, 2013). The experiments in Alaska and South Korea provide important insights into how changes in water content 
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can impact the backscatter signal from lake ice. However, these experiments have certain limitations, for example representing 

snow cover as only one layer (Wakabayashi et al., 1999) or only considering a bare ice surface (Han and Lee, 2013). Further 

research is still needed to explore a range of ice cover conditions throughout the winter season. Additional sensitivity tests 105 

parameterized using collected field data can provide further insights and confirmation of how radar backscatter over ice cover 

is impacted by wet conditions.  

SMRT allows us to address these gaps and work toward modelling a complete picture of ice conditions during melt events. 

Previously mentioned lake ice studies using SMRT only evaluated changes in backscatter under dry conditions (Murfitt et al., 

2022, 2023). Therefore, experiments during wet conditions are an important next step in the application of this model for lake 110 

ice cover. The objective of this paper is to exploit field data collected at Lake Oulujärvi in Finland to determine how changes 

in the water content of snow overlying ice cover and the appearance of slush layers impact backscatter. To meet this objective, 

sensitivity tests are conducted to understand how backscatter changes with increases in snow water content and interface 

roughness. These modelling results are compared to observed Sentinel-1 SAR backscatter during different field conditions, 

providing support for the results of the sensitivity analysis and insight into the connection between ice conditions and 115 

backscatter during the 2020-2021 field season. 

2 Methods 

2.1 Snow Microwave Radiative Transfer (SMRT) Model 

SMRT is an active-passive model for conducting simulations of microwave intensities from snowpacks. A full description of 

the model can be found in Picard et al. (2018). The model also allows for the inclusion of freshwater and saline ice layers that 120 

can be combined with snowpacks to properly represent observed conditions (Soriot et al., 2022; Murfitt et al., 2022, 2023). 

The model is run within a python environment and allows for user flexibility by allowing model runs to be set using different 

electromagnetic models (e.g., improved Born approximation or IBA, dense media radiative transfer or DMRT) and 

microstructure models (e.g., exponential, and sticky hard spheres). The user-selected electromagnetic model is parameterized 

using the selected microstructure model and user defined properties (medium temperature, thickness, density, volumetric liquid 125 

water content, etc.). The electromagnetic model is used to determine the necessary electromagnetic quantities, such as the 

scattering coefficient, absorption coefficient, and phase matrix (Picard et al., 2018). Roughness and associated reflectivity and 

transmissivity coefficients within the defined snow and ice columns are set using either Fresnel equations, the integral equation 

model (IEM), or Geometrical Optics (Picard et al., 2018; Fung et al., 1992; Tsang and Kong, 2001). Roughness can be set 

between different layers of a single medium, at the interface between two mediums (e.g., snow-ice interface), or between a 130 

medium and the underlying substrate (e.g., ice-water interface). SMRT uses the discrete ordinate and eigenvalue (DORT) 

method to solve the radiative transfer equation once the necessary parameters have been solved in the other components of the 

model. The user can create a custom sensor to parameterize the model (e.g., specific frequency, incidence angle, and 

polarization) or choose from a list of pre-defined sensors. Resulting intensity from SMRT can be obtained from all or specific 
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directions from the defined snowpack or ice column (Picard et al., 2018). This study only evaluated modelled co-pol (HH and 135 

VV) backscatter because cross-pol (HV and VH) is under modelled with the current implementation of IEM in SMRT which 

is used for parameterization of interface roughness as discussed below. Additionally, experiments assume that there were no 

tubular bubbles present in the ice column because SMRT does not currently allow for the inclusion of vertically oriented 

bubbles and the impact of these bubbles has been demonstrated to be limited (Atwood et al., 2015; Murfitt et al., 2022). 

 This study uses the IBA for the electromagnetic model in SMRT. This model is utilized to allow for a broader 140 

exploration of volumetric water content (VWC) within SMRT. Under dry conditions, the real and imaginary components of 

permittivity for snow grains and ice mediums is determined using the formulations given in Mätzler et al. (2006). However, 

this cannot be used for wet snow mediums that mix air, ice, and water. SMRT was recently updated to include several models 

for addressing the mixing of these different components in snow mediums (Picard et al., 2022b). While the results of these 

models are different, there is agreement that increases in the VWC increase both the real and imaginary components of a 145 

medium’s permittivity. This study uses the MEMLS v3 permittivity model for wet snow conditions (Mätzler and Wiesmann, 

2007). Following Picard et al. (2022a), this model was selected because it is based on real measurements and provides reliable 

performance at higher water content values. It should be noted that Picard et al. (2022a) specifically evaluate the models for 

passive microwave analysis, and these models have not been fully verified for active microwave.  

To parameterize the microstructure of mediums in this study study the sticky hard spheres (SHS) and exponential 150 

microstructure models were utilized (Picard et al., 2018, 2022a). SHS was used only for ice mediums due to its use in past 

radiative transfer modeling studies (Gunn et al., 2015; Murfitt et al., 2022). SHS is parameterized using the stickiness parameter 

(τ) which is a representation of the tendency of spheres within the medium to cluster. Increased values of τ indicate a lower 

tendency of spheres to stick together. The microstructure of snow mediums was parameterized using the exponential 

microstructure model. This model was used due to the availability of detailed snow pit measurements during the 2020-2021 155 

ice season. Density and SSA measurements were used to calculate the effective correlation length (𝒑𝒆𝒙) and parameterize the 

microstructure model, this is discussed further in section 2.5.  

Roughness of different interfaces within the ice and snow mediums for this study were represented using IEM with an 

exponential autocorrelation function. IEM was selected because it is better suited to small roughness values and has been used 

in previous freshwater ice and snow modelling studies (Gherboudj et al., 2010, Murfitt et al., 2022). As such, this study will 160 

focus on variations in small scale roughness of interfaces within the snow and ice column. IEM is parameterized using root 

mean square height (RMSH) which is the approximation of vertical variation of surface roughness (Ulaby and Long, 2014).  

Root mean square height is also termed the height standard deviation or the differences between random height deviations and 

the mean height of the surface (Ulaby and Long, 2014). Vertical roughness has been identified as a key parameter for 

backscatter from lake ice both at the ice surface and ice bottom (Atwood et al., 2015; Han and Lee, 2013). Increases in the 165 

RMSH are linked to higher backscatter values and increase surface scattering. Interface correlation length, which quantifies 

the horizontal correlation between two points on the rough surface (Ulaby and Long, 2014). It measures how smoothly surface 

elevation is changing horizontally. While correlation length has also been evaluated, past modelling of backscatter from lake 
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ice indicates that, upon retrieval, correlation length is more consistent than RMSH values (Han and Lee, 2013). The validity 

of IEM is maintained when k*RMSH < 2 and 𝒌𝟐 ∗ 𝑹𝑴𝑺𝑯 ∗ 𝑪𝒐𝒓𝒓𝒆𝒍𝒂𝒕𝒊𝒐𝒏 𝑳𝒆𝒏𝒈𝒕𝒉 <  √𝒆𝒑𝒔𝒓, where k is the wavenumber 170 

and 𝒆𝒑𝒔𝒓 is the ratio between the permittivity of the mediums at the interface (Fung et al., 1992; Fung and Chen, 2010). The 

range of IEM is extended in SMRT using the method stated in Brogioni et al. (2010), where the Fresnel coefficients are 

determined using either the incidence angle (𝒌𝟐 ∗ 𝑹𝑴𝑺𝑯 ∗ 𝑪𝒐𝒓𝒓𝒆𝒍𝒂𝒕𝒊𝒐𝒏 𝑳𝒆𝒏𝒈𝒕𝒉 < √𝒆𝒑𝒔𝒓) or an angle of 0° (𝒌𝟐 ∗ 𝑹𝑴𝑺𝑯 ∗

𝑪𝒐𝒓𝒓𝒆𝒍𝒂𝒕𝒊𝒐𝒏 𝑳𝒆𝒏𝒈𝒕𝒉 > √𝒆𝒑𝒔𝒓). This extension was first developed for Advanced IEM (AIEM), as such caution should be 

used when applying this extension as the precise validity on the original IEM has not been verified. 175 

 

2.2 Study Site 

This study focuses on Lake Oulujärvi (27.25° E, 64.29° N), which is one of the largest lakes in Finland (Figure 1). Lake 

Oulujärvi is located 473 km north of Helsinki and the outflow of the lake is to the Oulujoki River which drains into the Gulf 

of Bothnia (Hyvaerinen, 2004). The lake has a surface area of 928 km2 with a mean depth of 7.6 m that can range up to 36 m 180 

(Hyvaerinen, 2004).  Historical data from 1854 to 2002 for the lake indicates that the average date of freeze-up ranges from 

November 10 to 20 and average date of break-up ranges from May 15 to 20 (Korhonen, 2006, 2005). The average thickness 

of the ice cover (1961 – 2000) on the lake is between 60 and 70 cm (Korhonen, 2006, 2005). However, more recent observations 

of ice thickness in 2021 report maximums of 42 cm (Weyhenmeyer et al., 2022). Additionally, trends in lake ice cover indicate 

that the date of ice-on shifted later by 0.8 days/decade and ice-off shifter earlier by 0.9 days/decade between 1853 and 2018 185 

(Sharma et al., 2021). Climate normals (1981 – 2010) for the Kajaani meteorological station, 23 km east of the main basin of 

Lake Oulujärvi, show that maximum average temperatures of 20.8 °C occur in July and minimum average temperatures of -

15.2 °C occur in January (Pirinen et al., 2012). Maximum snow depth is reported during March, reaching an average of 53 cm 

during the 1981 – 2010 normals period (Pirinen et al., 2012).  
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Figure 1. In Situ data collection locations on Lake Oulujärvi during the 2020-2021 ice season. The Sentinel-1 image shown was acquired 

January 29 aligning with IOPI. The area of high backscatter on the east side of the image is an island. Linear features with high backscatter 

are ice ridges or deformations in the surface. The green dot in the inset map indicates the location of the Kajaani Airport meteorological 

station. This figure contains Copernicus Sentinel-1 data (2021), processed by ESA. Landsat-8 Level-2 image courtesy of the U.S. Geological 

Survey. 195 

2.3 SAR Imagery 

To provide a record of backscatter for the 2020 - 2021 ice season on Lake Oulujärvi and a point of comparison for the modelled 

results, 151 Sentinel-1 (C-band, 5.405 GHz), comprised of 82 Extra Wide (EW) swath HH-pol and 69 Interferometric Wide 

(IW) swath VV-pol, SAR images were downloaded from the Alaska Satellite Facility (https://asf.alaska.edu/) for the period 

December 13, 2020, and May 7, 2021. Sentinel-1 EW images have a pixel spacing of 40 m and there was an average of 2 days 200 

between images. Sentinel-1 IW, pixel spacing 10 m, were also acquired with a gap of 2.4 days (some days had two images 

available). The combination of both image sets results in a temporal coverage of 1.09 days for Lake Oulujärvi. The Sentinel-

https://asf.alaska.edu/
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1 images were preprocessed using the Sentinel Application Platform (SNAP, European Space Agency, 2020), with images 

being σ° calibrated and speckle filtered with the Refined Lee filter (Lee, 1981). Terrain correction was performed using the 

ACE30 DEM and both IW and EW images were resampled to a pixel spacing of 40 m to ensure consistency between datasets.  205 

 Incidence angles for both datasets ranged from 24 to 43°. This difference in incidence angle resulted in fluctuations 

in the backscatter extracted from the lake ice sites. To address these fluctuations, linear regression was used to normalize the 

backscatter. This method has been applied previously for both Arctic sea ice, high Arctic lakes, and mid-latitude 

small/medium-sized lakes (Murfitt et al., 2018; Murfitt and Duguay, 2020; Mahmud et al., 2016). Two hundred points were 

randomly generated across Lake Oulujärvi to serve as virtual sample sites. These sample sites were located at least 300 m from 210 

shore and not within 40 m of each other to prevent shoreline contamination and repetition of samples. The backscatter and 

projected incidence angle were extracted from these sites for each image in the acquired set, resulting in a total sample size of 

26,800. Only images where there was full ice cover on the lake were used. The resulting samples were then split into a training 

and testing set of 70% and 30%, respectively. The training set was then used to develop a linear regression representing the 

impact of incidence angle on backscatter for Lake Oulujärvi. The linear regression showed a slope of -0.34 dB/° (R2 = 0.26, p 215 

< 0.01. RMSE = 3.33 dB). This slope is similar to past corrections for Sentinel-1 imagery acquired over Lake Hazen of -0.35 

dB/° (Murfitt and Duguay, 2020). For the correction of IW and EW images, the median incidence angle of all samples was 

used, which corresponds to 36.31°. Around each of the sites shown in Figure 1, a 200 m buffer was generated to extract 

average, maximum, and minimum normalized linear intensity values that were converted to backscatter (dB). Cross-pol 

backscatters were also extracted, however, were not normalized. 220 

 Figure 2 shows an average trend in backscatter for all locations. Additionally, 2 m air temperature extracted from 

ERA5 is displayed. This specific field sites will be further explored in the discussion section.  
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Figure 2. Averaged backscatter trends for all sites (top). The shaded area indicates the standard deviation in extracted values. ERA5 2m air 

temperature is shown on the bottom.  225 

2.4 In Situ Data: 2021 Field Campaign 

During the 2020 – 2021 ice season, field campaigns were conducted to collect in situ data on snow and ice cover at Lake 

Oulujärvi. These field campaigns took place during three observation periods (IOPI, IOPII, and IOPIII). The first observation 

period, IOPI, occurred on January 29 and January 30, the second observation period, IOPII, occurred on March 1 and 2, and 

the final observation period, IOPIII, occurred on March 25 and 26. For IOPI and IOPIII, measurements of ice thickness and 230 

the thickness of layers (snow and clear ice) were taken approximately every 400 to 900 m. For IOPII, ice thickness 

measurements were made every 1200 to 1600 m. In addition to ice thickness measurements, snow depth and bulk density were 

also recorded at each of these locations. During IOPII, a SnowHydro Magnaprobe (Sturm and Holmgren, 1999) was used to 

collect snow depth measurements approximately every 5 m. For IOPIII, 10 snow depth measurements were recorded using a 

manual probe every 100 m along the study transect. For the purposes of this study, only the points shown in Figure 1 are used. 235 

This is due to the availability of matching snow pit data discussed below. Additionally, the points selected incorporated 
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locations where both dry snow and wet snow conditions were observed throughout the ice season. A summary of the ice 

thickness and snow depth and bulk density measurements collected during each IOP is provided in Table 1. 

 

Table 1. Summary of snow and ice measurements collected during the 2021 field campaigns on Lake Oulujärvi. Density values show bulk 240 
density measurements made at the ice thickness measurement sites. 

 
Ice Thickness (m) 

Snow Ice 

Thickness (m) 
Snow Depth (m) Snow Density (kg m-3) 

IOPI 0.32 ± 0.04 0.03 ± 0.04 0.27 ± 0.05 185 ± 34 

IOPII 0.35 ± 0.07 0.02 ± 0.03 0.36 ± 0.07 245 ± 28 

IOPIII 0.42 ± 0.06 0.06 ± 0.06 0.31 ± 0.11 319 ± 69 

 

In addition to these measurements, detailed snow pit data were collected for the sites identified in Figure 1. Data were collected 

for each layer of the snowpack through manual means and specific surface area (SSA) was collected using the IceCube 

instrument (Gallet et al., 2009). This study relied on the layer properties such as SSA, layer temperature, water content, density, 245 

thickness, maximum and minimum grain size, and grain type. A summary of these data is provided below and differs from the 

bulk properties presented in Table 1. It should also be noted that the densities from the snow pits are higher than those measured 

for bulk density. Additionally, these data were inconsistent and missing for some sites due to conditions not allowing for the 

accurate collection of these properties. The collected data were used to investigate the relation between SSA and density as 

discussed further in section 2.5. Additionally, these data provided key information about the temperature of the snowpacks. 250 

During IOPI (January 29/30), the average temperature was 270.22 ± 2.1 K. The average density was 214.09 ± 77.6 kg m-3 and 

average SSA was 34.34 ± 11.9 m2 kg-1. For IOPII (March 1/2), temperatures increased to an average of 272.09 ± 1.5 K, 

temperatures were higher on March 1 reaching 273.2 K. The average snow density for IOPII was 296.9 ± 47.8 kg m-3, with a 

higher average density of 305.5 kg m-3 measured March 1 compared to March 2. SSA decreased for IOPII to an average of 

14.96 ± 11.9 m2 kg-1, average SSA was higher on March 1 at 17.4 m2 kg-1. Finally, on IOPIII (March 25/26), temperatures 255 

further increased to 272.51 ± 1.0 K. Average density was highest for IOPIII with an average of 335.16 ± 61.5 kg m-3. Average 

SSA was similar to IOPII at 14.46 ± 2.3 m2 kg-1, however, was only available for one site. Unfortunately, exact measurements 

regarding water content were not available. Therefore, qualitative observations of snow moisture conditions were used to 

generate the SMRT experiments outlined in Section 2.5. 

2.5 SMRT Experiments 260 

To study how wet conditions impact the backscatter from lake ice, three distinct numerical experiments were conducted. Each 

experiment reflects conditions that were observed during these field campaigns in 2021. The field data described in section 

2.4 were used to parameterize SMRT for the respective dates when each condition was observed. Additionally, snowpack 

observations across the lake were used to create a generalized two-layer snowpack for each of the different experiments. For 
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each IOP, the snow depth was determined by averaging the most detailed data available (i.e., manual or Magnaprobe 265 

measurements). The temperature of the snowpack was determined by averaging the available measurements from the snow pit 

analysis. While water content was one of the measured parameters, the values were not successfully recorded and therefore 

qualitative observations were relied on for determining the state of the snow layers. The key inputs for SMRT are the layer 

thickness (i.e., snow depth and ice thickness), snow density, snow media correlation length, layer temperature (i.e., snow and 

ice temperature), ice porosity, spherical bubble radius, VWC, roughness parameters, and ice layer stickiness. For ice layers, to 270 

properly parametrize the sticky hard spheres microstructure model, a value of stickiness (τ) had to be decided. Due to clear ice 

being considered as inclusion free, the layer was assigned a τ of 1, which corresponds to relatively random positions of the 

bubbles. Snow ice on the other hand can have an increased presence of spherical bubbles and therefore a value of 0.4 was used. 

Additionally, the porosity of snow ice relates to the ratio of air and ice within the medium; for example, a porosity of 10% 

indicates that 10% of the medium is air and 90% is ice. Parameterization of the snow microstructure model will be discussed 275 

later in this section. 

 

The majority of parameters were collected during the field campaign, except for ice temperature and snow media correlation 

length. Ice temperature was determined using the Canadian Lake Ice Model (CLIMo, Duguay et al., 2003). CLIMo is a 1-D 

model that uses an unsteady heat conduction equation (Maykut and Untersteiner, 1971) and surface energy budget to determine 280 

layer boundary temperatures, ice thickness, and snow depth throughout an ice season. For the purposes of this study, the main 

output used is the ice layer boundary temperatures. For Lake Oulujärvi, CLIMo is parameterized using both daily averaged 

ERA5 data (Hersbach et al., 2020) for temperature (C), humidity (%), cloud cover (0-1), and wind speed (m/s). The snow 

accumulation input for CLIMo was determined using local meteorological data from the Kajaani weather station located 23 

km southwest from the field sites. CLIMo was run using a mixing depth of 7 m and a snow density of 185 kg/m3, which 285 

reflected values observed for dry snow cover during the 2021 field campaign. Validation data is limited to only dates where 

field data was collected and showed good comparison with ice thicknesses estimated by CLIMo, with an average difference 

of 0.01 m. Snow depth in CLIMo is underestimated compared to field measurements, likely due to the distance between the 

meteorological measurements and the location of the field measurements and a single value for snow density being used, the 

average difference was 0.13 m. While this difference is large, thermodynamic modelling is the best alternative for determining 290 

layer temperatures and was used as the input for ice temperature in SMRT. CLIMo was run to produce a five-layer ice column, 

however, only snow and clear ice measurements were taken from Lake Oulujärvi. Therefore, the temperatures for the boundary 

of layers 1 and 2, counted from the top, were averaged to determine a snow ice layer temperature and the temperatures for the 

boundaries between layers 2 - 5 were averaged to produce a temperature for the clear ice layer. It is important to note that the 

temperature of the layers has a minimal impact on the dielectric values and the resulting backscatter but does provide a more 295 

realistic representation of the different mediums within the model. Therefore, the temperature data from the field campaigns 

and CLIMo are included. 
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To properly parameterize the exponential microstructure model used in SMRT for the snow layers, snow media correlation 

length, 𝑝𝑒𝑥, is needed. Correlation length can be determined using relations determined between this parameter and grain size 300 

in Mätzler (2002). Following the SMRT simulations in Rutter et al. (2019), 𝑝𝑒𝑥 was calculated using Equation 1: 

𝑝𝑒𝑥 = 0.75 (
4∗(1−

𝜌

𝜌𝑖𝑐𝑒
)

𝑆𝑆𝐴∗ 𝜌𝑖𝑐𝑒
)                                                        (1) 

where 𝜌𝑖𝑐𝑒 is the density of the ice, assumed to be 916.7 kg m-3, 𝜌 is the density of the snow layer, and SSA is the specific 

surface area (m2 kg-1). The empirical coefficient 0.75 was confirmed as a possible value of the microwave polydispersity of 

fine grained snow by recent theoretical investigations (Picard et al., 2022a). When SSA values were unavailable, snow density 305 

is used to estimate the SSA value through a logarithmic regression. In past SMRT experiments, regressions developed for 

terrestrial snow have been applied to lake ice snow covers (Murfitt et al., 2022). However, these representations may not reflect 

the differences between these two systems (i.e., wind redistribution, and differences in snow structure). Therefore, for the 

SMRT experiments over Lake Oulujärvi, SSA values acquired during these 2021 field campaigns were analysed to develop a 

similar regression that is more optimal for Lake Oulujärvi. In total 78 samples were used, and the resulting regression is shown 310 

in Equation 2 (R2 = 0.41), and a scatterplot can be found in Appendix A: 

                                             𝑆𝑆𝐴 =  −24.00 ln(𝜌) + 156.09                      (2) 

Vargel et al. (2020) developed an equation using observations for terrestrial Canadian Subarctic and Arctic snow, shown by 

Equation 3: 

                                                      𝑆𝑆𝐴 =  −17.65 ln(𝜌) + 118.07                           (3) 315 

The difference in coefficients between these two relations indicates that these snow systems may be dissimilar. Equation 2 

was used to determine an SSA values for the generalized snowpack and Equation 1 was used to calculate the 𝑝𝑒𝑥 for each of 

the experiments. It should be noted that under dry snow conditions, there is likely very little impact of differing SSA values 

on C-band backscatter. 

 320 

For use in SMRT the generalized snowpack was split into two layers. Two layers were used so that wet snow could be added 

at different depths in the snowpack (section 2.5.2). The following subsections detail the experiments performed during the 

different observation periods for the 2020-2021 ice season. Figure 3 below provides a graphical representation of these 

different experiments indicating the location of wet snow layers and rough interfaces using Site 005 (see Figure 1) as an 

example. Table 2 shows the different microstructure and electromagnetic models used for dry snow layers, wet snow layers, 325 

and different types of ice. Roughness of layer interfaces were parameterized using IEM. Table 3 details the snow and ice layer 

parameters for the different IOPs and Table 4 shows the ice thicknesses for each site across the IOPs.  
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Figure 3. SMRT simulations for the different experimental conditions using observations from these 2021 field campaigns. The ice columns 

displayed are representative of Site 005 (Figure 1). Red lines indicate where rough interfaces were added for each of the different scenarios. 330 

Table 2. SMRT microstructure and electromagnetic model settings used for dry and wet snow layers. 

Physical Layer Microstructure Model Electromagnetic Model 

Dry Snow Exponential model IBA 

Wet Snow Exponential model MEMLS V3 

Snow Ice Sticky Hard Spheres IBA 

Clear Ice Sticky Hard Spheres IBA 

 

Table 3. Constant snow and ice parameters for during IOPs conducted for the 2021 ice season. Bolded values indicate those that are not 

based on field data collected during the 2020-2021 ice season. 

Physical Property IOPI IOPII IOPIIa IOPIIb IOPIII 

Snow Depth (m) 0.27 0.36 0.39 0.33 0.31 

Wet Snow Density (kg m-3)  297 321 218 355 

Dry Snow Density (kg m-3) 185  270 296 317 

Wet Snow SSA (m2 kg-1)  15 18 10 16 

Dry Snow SSA (m2 kg-1) 30  15.47 13.95 18.34 
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Wet Snow Temperature (K)  273.2 273.2 273.2 273.2 

Dry Snow Temperature (K) 270.2  273 271 271.9 

Snow Ice Temperature (K) 272.9 272.8 272.8 272.8 272.8 

Clear Ice Temperature (K) 272.9 272.9 272.9 272.9 273 

      

Constant Snow RMSH (mm)  1.00 

Constant Snow Correlation Length 

(mm) 
 10.00 

Snow-Ice Correlation Length (mm)  50.00 

Correlation Length Ice-Water 

Interface (mm) 
 70.00 

Bubble Radius (mm)  1.00 

Snow Ice Porosity (%)  10 

 335 

 

 

 

Table 4. Snow and clear ice thickness observed during each IOP. The flooded snow column indicates which sites in IOPIII had slush formed 

at the snow-ice interface. 340 

 IOPI IOPII IOPIII 

Ice Thickness 

(m) 
Snow Ice Clear Ice Snow Ice Clear Ice 

Snow 

Ice  

Clear 

Ice  

Flooded 

Snow 

Site 002 0.01 0.27 0.08 0.19 0.03 0.40  

Site 003 0.05 0.28 0.01 0.32 0.02 0.36 X 

Site 004 0.01 0.28 0.00 0.51 0.10 0.32 X 

Site 005 0.06 0.32 0.17 0.16 0.18 0.36  

Site 006 0.00 0.29 0.00 0.32 0.04 0.37 X 

Site 007 0.00 0.32 0.01 0.35 0.02 0.39  

Site 008 0.09 0.25 0.06 0.33 0.03 0.40 X 
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2.5.1 Dry Snow Conditions 

The first experiment reflected dry snow conditions that were observed on Lake Oulujärvi on January 29 – 30 and is represented 

by IOPI in Figure 3. The constant values determined from the field data can be found in Table 2. Snow and clear ice thickness 

varied depending on the site SMRT was run for. The site-dependent values can be found in Table 3. Snow density values were 345 

determined by averaging the snow bulk density measurements. RMSH and correlation length of the air-snow interface were 

not varied for these conditions as the impact of this interface was assumed to be negligible due to the relatively small difference 

in permittivity between air and dry snow. The RMSH for the air-snow interface was set to 1 mm and the correlation length to 

10 mm. The correlation length of the snow-ice interface was set to 50 mm. 

 350 

While the above parameters were available for dry snow conditions, information on the RMSH and interface correlation length 

for both the snow-ice interface and ice-water interface, snow ice porosity, and snow ice bubble radius were unknown. 

Therefore, these properties were varied to determine the optimal values for the ice cover on Lake Oulujärvi. The ranges of 

these properties can be found in Table 4. These ranges were selected due to past observations of snow-ice RMSH 

(Wakabayashi et al., 1999) and past experiments conducted using SMRT that showed likely ranges for deeper lakes (Murfitt 355 

et al., 2022). 

Table 5. Tested ranges for unknown properties under dry snow conditions. 

Unknown Property Property Range (Interval) 

Snow-Ice RMSH (mm) 1.0, 2.0, 3.0 

Ice-Water RMSH (mm) 0.5 – 2.5 (0.01) 

Ice-Water Correlation Length (mm) 10, 30, 50, 70, 100 

Snow Ice Bubble Radius (mm) 0.5, 1.0, 1.5, 2.0 

Snow Ice Porosity (%) 1, 3, 5, 7, 10 

 

2.5.2 Wet Snow Conditions: Varying Depths 

The second experiment reflects wet snow conditions that were observed on Lake Oulujärvi on March 1 and 2, and are 360 

represented by IOPII, IOPIIa, and IOPIIb in Figure 3. There were three different conditions tested in this experiment. The first 

assumed the entire snowpack had the same VWC (representative of IOPII). The second assumed that only the top layer of the 

snowpack contained water (IOPIIa). The final condition assumed that the layer of snow directly on the ice cover contained 

water (IOPIIb). This reflects observations from the field which indicated that on March 1 the top of the snow was wet but by 

March 2 the water had percolated through the snowpack and was present in the lower layers. These observations are reflected 365 
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in the changes in layer temperature recorded. For IOPII, snow pit density values were averaged across both days. SSA values 

were also determined by averaging all observed values. For IOPIIa, density and SSA measurements were determined by 

averaging layers where observed snow temperatures were >=273.15 K. The temperature, density, and SSA for the bottom layer 

of the generalized snowpack were determined using layers where the temperature was <273.15 K. This was done to reflect 

observations of a wet top snow layer during IOPIIa and matches snow pit observations where the temperatures of the upper 370 

layers were consistently above melting. For IOPIIb, density and SSA of the lower layer were averaged for layers where 

observed snow temperature was >=273.15 K. The properties for the upper layer were determined by averaging temperatures, 

density, and SSA for layers with temperatures <273.15 K. This reflected observations on March 2 that indicated the lower 

layers of the snowpack were wetter and that the temperatures of lower layers were consistently at the melting point. In addition, 

simulations using different densities were assessed with a range of 225 to 450 kg m-3 at an interval of 5 kg m-3 to explore the 375 

impact of changing snow densities on backscatter under wet conditions. Table 2 shows the constant snow and ice properties 

for these experiments. Table 3 shows the ice thickness data for each of the sites. The optimal values for ice properties (interface 

correlation length, bubble radius, and porosity) from the dry snow experiment were continued forward. 

 

Root mean square height values near the optimal RMSH were used to explore whether variations would impact backscatter 380 

when VWC of the snowpack changed. The ranges for the varied parameters are shown in Table 5. The same ranges were 

applied to all three conditions, however, the interface that was focused on differed. The selected values for the roughness 

parameters (RMSH and correlation length) of air-snow and snow layer boundaries are derived from previously published 

studies of snow roughness over both land and sea ice due to the limited observations of these parameters on lake ice (Landy et 

al., 2019; Komarov et al., 2017; Petrich and Eicken, 2010; Dinardo et al., 2018; Baghdad et al., 2000). For these experiments, 385 

Sentinel-1 observations are used to investigate the values of the parameters likely to result in the observed backscatter values. 

 

Table 6. Tested ranges for different properties for IOPII, IOPIIa, and IOPIIb simulations. 

Tested Property Property Range (Interval) 

All Snow Layers Wet (IOPII)  

RMSH Air-Snow Interface (mm) 0 – 5.0 (0.25) 

Correlation Length Air-Snow Interface (mm) 10, 30, 50, 150 

RMSH Snow-Ice Interface (mm) 0.5 – 4.0 (0.5) 

RMSH Ice-Water Interface (mm) 1.0, 2.0 

Volumetric Liquid Water Content (%) 0.02 – 1.00 (0.02) & 0 – 20.00 (1.00) 
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Single Snow Layer Wet (IOPIIa & IOPIIb)  

RMSH Wet Snow Layer Boundaries (mm) 

Air-Snow for IOPIIa and Snow-Snow for IOPIIb 

0 – 5.0 (0.25) 

Correlation Length Snow Layer Boundaries (mm) 10, 30, 50, 150 

RMSH Snow-Ice Interface (mm) 0.5 – 4.0 (0.5) 

RMSH Ice-Water Interface (mm) 1.0, 2.0 

Volumetric Liquid Water Content (%) 0 – 1.00 (0.02) & 1.00 – 20.00 (1.00) 

 

2.5.3 Wet Snow Conditions: Saturated Layer 390 

The final experiment focuses on the observations made on March 25 – 26 which is represented as IOPIII in Figure 3. 

Observations on these dates indicate that there was a substantial amount of water present between the snow and the top of the 

ice. This experiment represents this condition by adding a thin 0.04 m saturated snow layer on top of the ice. The water fraction 

for the saturated layer is 63% and the remainder is ice, this could also be thought of as a slush layer that has been observed for 

lakes at mid-latitudes (Ariano and Brown, 2019). Only one high value of water fraction was tested to focus on how changes in 395 

other properties impacted backscatter under these conditions. Due to capillarity, the dry snow layer above the saturated layer 

was also wet. Therefore, additional tests were conducted using varying VWC, 1%, 2.5%, 5%, for a 0.04 m snow layer above 

the saturated layer. Following a similar process to the conditions established for the variable wet snow layers (IOPIIa and 

IOPIIb), snow pit data for layers where the temperature was >=273.15 K were used to determine the density for wet layers of 

the generalized snowpack. Layers where the temperature was <273.15 K were used for dry snow layers in the generalized 400 

snowpack. Unlike the experiments for IOPII, SSA values were not available for IOPIII and therefore values are determined 

from Equation 2, and 𝑝𝑒𝑥 was deduced from Equation 1. The snow and ice conditions can be found in Table 2 and ice 

thickness values for each site in Table 3. As with the second experiment, optimal properties determined under dry conditions 

were held constant. 

 405 

Properties that were varied include the RMSH of the air-snow, snow-slush, slush-ice, and ice-water interface as well as the 

correlation length of the snow-slush interface. The ranges for these values are shown in Table 6. As with the second 

experiment, Sentinel-1 observations are used to investigate the most likely conditions. 

 

Table 7. Tested ranges for different properties for IOPIII simulations. 410 

Tested Property Property Range (Interval) 
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RMSH Air-Snow Interface (mm) 0.0 – 5.0 (1.0) 

RMSH Slush-Ice Interface (mm) 0.5 – 4.0 (0.5) 

RMSH Ice-Water Interface (mm) 1.0 & 2.0 

RMSH Snow-Slush Interface (mm) 0 – 5.0 (0.25) 

Correlation Length Snow-Slush Interface (mm) 10, 50, 150 

 

3. Results 

3.1 Dry Snow Conditions 

Following the procedure in section 2.5.1, optimal values were selected for RMSH, ice-water interface correlation length, 

porosity, and bubble radius based on the SMRT run with the minimum average difference between simulated and observed 415 

backscatter. The optimal values for the different parameters were found to be 1.26 mm for RMSH, an ice-water interface 

correlation length of 70 mm, a porosity of 10%, and a bubble radius of 1 mm. Differences between observed and modelled 

backscatter ranged from 0.25 to 2.36 dB (Figure 4), with an RMSE of 1.91 dB for HH-pol, 1.55 dB for VV-pol, and a combined 

RMSE of 1.74 dB. When using a bubble radius of 1.5 and 2 mm, similar combined RMSE values were found, 1.84 dB and 

1.64 dB, respectively. However, the modelled backscatter for the minimum tested RMSH exceeded the minimum observed 420 

values from the field sites. 
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Figure 4. Comparison between modelled and observed Sentinel-1 backscatter for IOPI. Vertical lines show the standard deviation in 

observed backscatter for each site. 

 425 

Figure 5 shows the change in modelled backscatter with increasing RMSH at the ice-water interface, for this example sites 

006 and 008 are displayed to show a site from IOPI with and without snow ice. These simulations only focused on RMSH as 

it has been identified as the key property influencing backscatter under dry snow conditions in previous lake ice studies (Gunn 

et al., 2018; Murfitt et al., 2022). The red and blue boxes in the figure show the range of Sentinel-1 backscatter values extracted 

at the different locations. As the RMSH increases to between 1 and 1.75 mm, the modelled backscatter falls within the ranges 430 

of observed backscatter for both HH and VV-pol. Additionally, Figure 5 shows the impact of increasing snow-ice RMSH on 

backscatter under dry conditions. When an increased value of RMSH is used at the snow-ice interface, the difference between 

HH backscatter is a maximum of 3.3 dB for site 006 and 2.0 dB for site 008. Modelled HH backscatter is identical above 

RMSH values of 1.1 mm. The difference between modelled VV backscatter is larger, a maximum of 5.69 dB for site 006 and 

4.39 dB for site 008. Similar to HH backscatter, the difference between backscatter values decreases with increasing RMSH 435 

and values are identical when RMSH >1.9 mm.  
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Figure 5. Modelled backscatter for dry snow conditions (IOPI). For the simulations shown only RMS height of the ice-water interface was 

varied, all other parameters were held constant. Site 006 shows results where no snow ice was found during the field campaign and site 008 

shows results where snow ice was found. The shaded parts of the figure represent the minimum/maximum range for the different 440 
polarizations. 

3.2 Wet Snow Conditions: Varying Depths 

Figure 6 shows the modelled backscatter for the simulation using data from IOPII where all layers of the snowpack have the 

same VWC. For these simulations VWC was varied as well as the RMSH of the air-snow interface. This was done to explore 

how changing both the water content and RMSH of the top of the snowpack impacted backscatter. These results are for site 445 

005, the values for other sites are not shown as the resulting backscatter is almost identical when snowpacks are wet. Increasing 

VWC by 1% with the top of the snow interface having correlation length of 10 mm results in an average decrease of 9.18 dB 

and an average decrease of 11.80 dB for an interface correlation length of 50 mm for all RMSH used (Figure 6). This decrease 

is largest, >-22 dB, when the surface of the snowpack (air-snow interface) is flat (i.e., has a RMSH of 0 mm). Backscatter is 

higher for simulations conducted using an interface correlation length of 10 mm compared to 50 mm. Simulated VV backscatter 450 

is comparable to observed backscatter for conditions with an interface correlation length of 10 mm, RMSH >3 mm, and when 

the VWC is above 7.5%. Simulated HH backscatter is lower compared to observed backscatter except when conditions are 

modelled with large RMSH and VWC values and when an interface correlation length of 10 mm is used. These experiments 
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also show that for both polarizations the rate at which backscatter increases slows for VWC >15%. Changes in backscatter in 

Figure 6 are not consistent at a correlation length of 50 mm. This is likely due to IEM, but further investigation is needed. 455 

 

Figure 6. Modelled backscatter for site 005 where all layers of the snowpack have the same volumetric liquid water content. Only volumetric 

liquid water content and RMSH at the air-snow interface have been varied, all other parameters are held constant. The different lines represent 

different values for the RMSH at the top of the snowpack (air-snow interface). a) and c) show results with a correlation length of 10 mm and 

b) and d) show results with a correlation length of 50 mm. The blue and red boxes show the observed backscatter from Sentinel-1. The 460 
shaded parts of the figure represent the minimum/maximum range for the different polarizations. 

Experiments were also conducted to assess the role that the RMSH of snow-ice and ice-water interfaces have when the entire 

snowpack has the same VWC. The RMSH of the air-snow interface was held constant at 5 mm for these simulations. Increasing 

either the snow-ice or ice-water interface RMSH has no impact on the backscatter when VWC >0%. There is a slight increase 

in backscatter at 0% VWC when a larger snow-ice interface values is used, however, it is small, <1.5 dB. At 0% VWC, 465 

backscatter increases by >3 dB when a larger ice-water RMSH of 2 mm is used. Similar to Figure 6, modelled backscatter is 

most comparable to observed VV-pol when the interface correlation length is 10 mm and the VWC is >7.5%. 

 

Figure 7 shows the impact of changing snow density on backscatter when the VWC of the snowpack is equal. This was done 

to confirm that the primary factors impacting backscatter were RMSH and VWC, not density. For this experiment the ice-470 

water interface RMSH was set as 1 mm and the snow-ice interface RMSH was 2 mm. Similar to Figure 6, backscatter increases 

with higher VWC. Increasing total snow density results in a rate of change of backscatter less than 9 dB over the large range 

of densities.  
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Figure 7. Modelled backscatter for site 005 where all layers of the snowpack have the same volumetric liquid water content, the RMSH of 475 
the ice-water interface is set to 1 mm and the RMSH of the snow-ice interface is set to 2 mm. The scenario was run for different volumetric 

liquid water content values and a range of densities. a) and c) show modelled HH results and b) and d) show modelled VV results.  

Figure 8 shows the variations in modelled backscatter when water was added to different layers of the snowpack. These 

simulations are identical to Figure 6, however, the interface of roughness within the snowpack was changed. For March 1 

(IOPIIa), RMSH of the air-snow interface was changed but for March 2 (IOPIIb) the RMSH at the interface between two 480 

layers of snow was changed as illustrated in Figure 3. For March 1, when the top of the snowpack contained water, only VV 

backscatter from Sentinel-1 was available, therefore only VV modelled results are shown. Similar to previous experiments, 

modelled backscatter was closest to observations when VWC >7.5% and an interface correlation length of 10 mm was used. 

According to simulations, the RMSH of the air-snow interface would need to be >3 mm to produce backscatter comparable to 

the observed values. Overall results are similar to the patterns observed in Figure 6, however, there is a smaller decrease in 485 

backscatter with the initial addition of water to the snow layer compared to the decrease observed for when all layers of the 

snowpack contained water. For March 2, where the layer of snow directly on the ice contained water, only HH backscatter 

from Sentinel-1 was available and only modelled HH backscatter is shown. Modelled HH backscatter is lower compared to 
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the range of observed HH backscatter. Compared to the change in VV backscatter, when the VWC is low (<2.5%) there is 

little difference in the backscatter, showing that there is little influence of the RMSH for those values. However, when VWC 490 

>2.5% backscatter increases but there is less separation between values compared to IOPIIa.. Similar to the initial experiments 

conducted when water was present throughout the snowpack, modelled backscatter for March 1 and March 2 saturates at high 

levels of VWC. 

 

Figure 8. Modelled backscatter for site 005 representing IOPIIa, water in the top layer of the snowpack, and IOPIIb, water in the lower layer 495 
of the snowpack. For IOPIIa simulations RMSH at the air-snow interface were changed and for IOPIIb RMSH at the interface between snow 

layers were changed. The different lines represent different values for the RMSH at the top of the snowpack (air-snow interface). The blue 

and red boxes show the observed backscatter from Sentinel-1. The shaded parts of the figure represent the minimum/maximum range for the 

different polarizations. 

3.3 Wet Snow Conditions: Saturated Layer 500 

The final experiment added a 0.04 m slush layer at the bottom of the snowpack with fractional water content of 63%. Previous 

experiments contained a mix of snow, ice, and water, however, for this experiment the saturated layer only contains ice and 

water resulting in a higher overall density of 954 kg m-3. Additional tests with a wet snow layer over the saturated layers were 

also conducted. Figure 9 shows how the modelled backscatter changes with increasing RMSH at the interface between the 

snow and slush layer for site 006 with snow layers of differing VWC overlying the slush layer. This site was selected as field 505 

observations noted that there was a large amount of water located between the snow and the ice surface. Similar to the 

experiments in section 3.2, modelled backscatter was identical for the different sites due to the high VWC. The range of 
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observed backscatter is similar between IOPII and IOPIII, however, modelled backscatter can reproduce observed values at a 

lower RMSH (<3 mm) for IOPIII compared to IOPII. Additional tests with a wet snow layer were conducted to investigate 

how the addition of this layer impacted the backscatter from the saturated layer. The range of modelled backscatter decreases 510 

as the VWC of the overlying wet snow layer increases. Modelled values when the overlying snow layer has a VWC of >2.5 

% fall outside the observed range of both HH and VV backscatter. 

 

Figure 9. Modelled backscatter for site 006 where there is a 0.04 m layer of slush between the lowest snow bottom of the snowpack and the 

ice surface. All other properties are held constant except the RMSH of the interface between the lowest snow layer and the slush layer. The 515 
VWC of the lowest 0.04 m of snow was varied between 0 and 5% The blue and red boxes show the observed backscatter from Sentinel-1. 

The shaded parts of the figure represent the minimum/maximum range for the different polarizations. 

4. Discussion 

The experiments outlined in this study looked at several snow and lake ice parameters (e.g., roughness, bubble size, snow 

stratigraphy, ice stratigraphy, snow microstructure properties, and volumetric water content). Several of these parameters are 520 

from field data collected during the 2020-2021 ice season, and others such as volumetric water content, RMSH, correlation 

length, bubble size, and porosity, must be estimated based on past observations. However, from the results of these 

experiments, it can be seen that the key properties impacting backscatter from lake ice are primarily RMSH and volumetric 
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water content. Other properties have little impact on the backscatter, which is supported by other sensitivity studies (Gunn et 

al., 2015; Gherboudj et al., 2010; Murfitt et al., 2022). Therefore, the remainder of the discussion focuses on the impact of 525 

RMSH and VMC on backscatter and how observed backscatter from Sentinel-1 supports the modelling observations. 

 

Recent research has focused on the key role that roughness of the ice-water interface plays in backscatter from lake ice using 

both observed data and modelling (Atwood et al., 2015; Gunn et al., 2018; Engram et al., 2012). The simulation results from 

IOPI also indicate that it is likely the main interface for surface scattering is the ice-water interface under dry conditions. 530 

However, it should be noted that the results in Figure 5 show that at lower values of RMSH for the ice-water interface, larger 

RMSH at the snow-ice interface causes an increase in backscatter. Yet, field observations indicate that under dry conditions 

RMSH values of 1 mm at the snow-ice interface are more likely (Wakabayashi et al., 1999). The difference between modelled 

backscatter values with different snow-ice RMSH values also reduces when smaller interface correlation lengths are used. For 

example, the difference at site 006 was 5.69 dB at an interface correlation length of 50 mm but drops to 2.84 dB when an 535 

interface correlation length of 10 mm is used. This highlights the importance of properly parameterizing all aspects of 

roughness for the difference interfaces, which is notoriously known as difficult. For lake ice, while recent studies have been 

able to extract roughness using ground penetrating radar with a frequency of 800 MHz (Gunn et al., 2021), no measurements 

have been acquired at cm or mm scale which are relevant for C-band  SAR backscatter. Obtaining accurate in situ data for 

these measurements is an area of continuing study. While values of RMSH ~1 mm are more likely at the snow-ice interface, 540 

higher values are not impossible and can be created when there are deformations in the ice surface. For example, in Figure 

10, backscatter for site 005 increases faster compared to the other two sites and is higher prior to IOPII. This is due to the site 

being located near a crack in the ice surface identified from brighter tones in the Sentinel-1 imagery. Cracks and deformations 

have been noted to result in higher backscatter by up to 10 dB compared to areas where the ice surface is smoother (Morris et 

al., 1995). These deformations cannot be modelled by SMRT. Figure 10 also supports recent conclusions that suggest ice-545 

water interface roughness increases rapidly at the start of the ice season but then become stable as ice growth slows (Murfitt 

et al., 2023). Backscatter for sites 006 and 008 remains stable between IOPI and the end of February. With recent sensitivity 

analysis indicating that backscatter change is primarily driven by increasing RMSH (Murfitt et al., 2022), it is likely that 

RMSH of the ice-water interface varies little during this period for these sites. Additionally, while SMRT underestimates cross-

pol backscatter, the observed HV and VH backscatter from Sentinel-1 also supports the dominance of the surface scattering 550 

regime under dry snow conditions. As shown in Figure 2, between January 1 and February 25, the average HV and VH 

backscatter was -27.84 and -25.44 dB, respectively. The low cross-pol backscatter values observed indicate that snow ice, or 

ice likely to depolarize signals, is limited, indicating less volume scattering during these dry conditions (Gunn et al., 2017). 

This is in agreement with past polarimetric decomposition experiments, which show that volume scattering contributes less 

compared to surface scattering when these ice types are less present (Gunn et al., 2018). 555 
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Figure 10. Backscatter evolution for selected sites on Oulujärvi and 2-m air temperature from ERA5 reanalysis data. 

Under wet conditions, the experiments indicate that it is likely that the dominant interface for surface scattering switches from 

the ice-water interface to the top of the snow layer with the highest VWC. This is demonstrated by experiments which showed 

no difference in modelled backscatter when RMSH of the snow-ice and/or ice-water interface is increased. This agrees with 560 

modelling work conducted in South Korea which demonstrated that when the ice surface was wet it was the primary scattering 

interface but the contribution decreased as the surface froze (Han and Lee, 2013). Figure 6 and Figure 8 both demonstrate 

that in simulations the addition of RMSH at the top of the wet snow layer causes a change in the response of backscatter to 

increasing VWC. When the interface is smooth, backscatter decreases with increasing VWC. Additionally when the wet snow 

interface is within the snowpack (IOPIIb), the RMSH of the interface does not result in a difference in the magnitude of 565 
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backscatter (Figure 8c and 8d). The decrease in backscatter with increasing VWC is commonly reported in lake ice literature, 

with backscatter decreasing during break-up as snow melts and the ice cover decays (Antonova et al., 2016; Duguay et al., 

2002; Murfitt and Duguay, 2020). The decreasing backscatter is a result of the higher liquid water content increasing the 

absorption of the microwave signals at these layers. The explanation for the increasing backscatter with the increase in VWC 

and RMSH is due to the increasing contrast in permittivity at the surface (or between dry and wet layers). The value of the real 570 

permittivity component for dry snow is 1.41, similar to that of air meaning there is little reflection occurring at the interface 

between these two surfaces. However, when water is added to the snowpack, the permittivity increases to 2.34 when VWC is 

5% and 5.46 when VWC is 20%. The increased permittivity results in an increase in the single backscattering component from 

IEM. The increasing roughness at the interface will also increase the simulated diffuse scattering. This results in the modelled 

backscatter from the wet and rough surface increasing. While there has been limited investigation of these interactions for lake 575 

ice, these results are expected based on modelling conducted for terrestrial snow which shows increasing backscatter with 

increasing water content at increasing values of RMSH (Baghdad et al., 2000; Shi et al., 1992; Nagler and Rott, 2000; Mätzler 

and Schanda, 1984). Furthermore, terrestrial snow experiments demonstrate that increasing water content leads to surface 

scattering being dominant at all incident angles, supporting the results observed in SMRT experiments (Shi et al., 1992).   

 580 

Observations support the increase in backscattering because of melt under certain conditions. Between IOPI and IOPII there 

is an increase in observed backscatter (Figure 10). The results of the simulations indicate that this is likely due to a combination 

of interface roughness and increasing water content. This change in interface roughness is likely a result of a melt-freeze event. 

The occurrence of this event is supported by the temperature profiles shown in Figure 11. Prior to data collection for IOPII 

between February 25 and 28, hourly air temperature from ERA5 reanalysis data fluctuated between 2.31 °C and -2.52 °C. 585 

Temperatures also fluctuated between March 1 and March 2 when IOPII data was collected, with maximums of 3.97 °C on 

March 1 and minimums of -2.64 °C on March 2. The fluctuations in temperature could result in the higher backscatter observed 

on IOPII. Simulations appear to provide support for this in Figure 6 and Figure 9 which show that the increased VWC and 

RMSH are both necessary to model the observed backscatter for these dates. However, these conditions may not be true at all 

sites as some sites did report lower backscatter on March 1. Figure 11 shows the Sentinel-1 imagery for the images proceeding 590 

and including IOPII (February 25, 28, March 1, and 2, 2021). Sites 003, 007, and 008 are all located over areas of decreased 

backscatter with average values ranging from -14.3 to -16.5 dB compared to backscatter ranging from -12.4 to -13.1 dB for 

other sites. The darker tones observed for these sites could indicate that the change in RMSH was lower or that less water was 

present in the overlying snow layer at this site. Observations of backscatter from other lakes indicate that this increase is not 

uncommon for melt events (Antonova et al., 2016; Murfitt et al., 2018, 2023). 595 
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Figure 11. The change in SAR backscatter for available images between February 25 and March 2, 2021. Data are from Copernicus Sentinel-

1 (2021), processed by ESA. 

 

 600 

The above explanation supports the increase in backscatter between January/February and March. However, when 

temperatures become lower, a minimum of -26.60 °C between March 5 – 13 and a minimum of -14.16 °C between March 17 

– 20, backscatter remains similar to the values observed during IOPII. This is unexpected as the return to colder conditions 
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indicates that conditions should become drier, and the ice-water interface would become the dominant control over backscatter. 

However, when backscatter values for two dates, March 14 and 19, are compared to Sentinel-1 observations during IOPI there 605 

is an average increase in backscatter of 5.16 dB for HH-pol and 3.69 dB for VV-pol. This suggests that mid-winter melt-freeze 

events have a lasting impact on the ice conditions and backscatter from lake ice. There are likely explanations for this increase, 

the first is that the melt-refreeze caused an increase in the snow ice thickness. The refreeze of water from the melt event prior 

to and during IOPII at the ice surface causes an increase in the thickness of the snow ice layer, this is supported by field 

measurements. The formation of snow ice is also supported by the observed HV backscatter values which increase to an 610 

average of -24.14 dB between February 25 and March 24 before decreasing as temperatures warm in the spring. Due to the 

presence of large spherical scatterers, the snow ice layer has a strong scattering behavior. If larger spherical bubbles were 

formed this would also contribute to a higher backscatter, however, simulations suggest that the increase in bubble radius 

causes a weak increase of <2 dB. Another possible explanation is that the melt-freeze event resulted in an increase in the 

RMSH at the snow-ice interface or at the ice-water interface through the formation of ripples or dunes on the underside of the 615 

ice sheet (Ashton, 1986). However, this cannot be confirmed for Lake Oulujärvi. As a conclusion, it is difficult to fully 

elucidate the cause of the sustained high backscatter during the refreezing after the March melt-event, but it reveals that internal 

changes in the snow and ice likely occurred during this period.  Further research is required to explore how melt-freeze events 

impact the lake ice properties and the influence this has on backscatter.      

 620 

 The highest backscatter values were obtained when simulations were conducted using a saturated layer between the 

bottom of the snowpack and the ice column with either dry snow or a layer of snow with a low VWC (<1%) overlying it. 

These larger values are related to the increased permittivity of the saturated layer, 22.47, compared to the previous observations 

noted for wet snow layers. According to the backscatter evolution in Figure 10, values for IOPIII are lower compared to IOPII. 

This is likely a result of both increased water content and lower RMSH between the slush layer and the bottom of the snowpack, 625 

which as with IOPII, results in increased simulated diffuse scattering at the saturated interface. The Sentinel-1 images in Figure 

12 support this with darker tones around the edge of the ice and throughout the ice cover being an indication of decay. Figure 

10 shows that beyond March 26 there is large fluctuations in backscatter patterns as temperatures are around 0 °C and result 

in melt-freeze cycles discussed above. The large backscatter values produced through the saturated layer experiments also 

provide the most likely explanation for the spike in backscatter that occurred on February 25, reaching a maximum of -7.58 630 

dB (Figure 10 and 11). The experiments conducted for IOPII were not able to produce these values of backscatter, however, 

the saturated layer experiments were able to achieve similar values. Similar bright radar returns have been observed for areas 

of slush in past side-looking airborne radar images from Manitoba, Canada (Leconte and Klassen, 1991). Bright tones were 

connected to layers of slush under dry layers of ice and snow leading to an increased contrast in the permittivity of the layers 

and higher returns (Leconte and Klassen, 1991). This is a likely explanation for the spike observed on February 25 and is 635 

supported by the results of the modelling for IOPIII. However, it is important to note that the simulations also showed that 

when a layer of snow with a higher VWC (>2.5%) is overlying the slush layer, it becomes the dominant surface. Therefore, 
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accurate information on the VWC throughout the snowpack is crucial and further work is needed on studying the complexity 

of slush events. 

 640 

Figure 12. The change in SAR tones for available images between March 21 and March 26, 2021. This figure contains Copernicus Sentinel-

1 data (2021), processed by ESA. 
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The main limitation of this study is the creation of a generalized snowpack, which may differ from reality. The generalized 645 

snowpack was used to simplify the modelling set up and address variations across the different sampling sites. However, using 

a 2-layer approach meant that differences in snow morphology (i.e., grain type) were largely ignored. Additionally, other 

features in the snowpack, such as highly scattering ice lenses and pipes, were not included. While this limitation could 

introduce error for the dry snow simulations, as demonstrated by the IOPII experiments, differences in density and volume 

scattering in general had little impact on the backscatter observed from the wet snowpack (Figure 7). Another issue 650 

encountered in the modelling was the underestimation of HH backscatter throughout the experiments. This was observed 

regardless of if modelling was conducted under dry or wet snow experiments. One possible explanation for this 

underestimation is that VV backscatter is more responsive to changes in the roughness of the surface when represented using 

IEM (Fung and Chen, 2010). This is supported by the results of the experiments where varying different ice properties result 

in lower HH backscatter compared to VV. Additionally, further collection of snow microstructure data over lake ice is an area 655 

of continued interest to better understand the distinction between snow cover on lake ice and terrestrial snow and represent 

this in modelling experiments. 

5. Conclusions 

This is the first study to explore the impact of changing volumetric liquid water content on backscatter from lake ice using 

SMRT. Initial experiments conducted assuming dry snow conditions continue to support previous assertions that the ice-water 660 

interface plays the key role in controlling the backscatter from lake ice (Gunn et al., 2018; Engram et al., 2013; Atwood et al., 

2015). However, direct observations of the basal roughness are needed to understand how and if these changes occur in nature 

to quantify the impact. Simulations also indicate that it is likely increasing liquid water content in the overlying snow layers 

that causes the dominant interface to shift from the ice-water to the surface, resulting in higher backscatter, and a major increase 

/ emergence of the role of the surface roughness. The largest backscatter values were produced when slush layers were present 665 

overlying the ice column. The increased dielectric constant of the wetter snow layers combined with the higher roughness is 

likely what results in these higher backscatter values. These patterns are supported by field observations and congruent 

Sentinel-1 overpasses. Furthermore, it provides support for past explanations of bright returns observed from lake ice surfaces 

(Leconte and Klassen, 1991). 

 670 

 The results of these experiments show how radiative transfer modelling is valuable in understanding the response of 

backscatter to lake ice conditions under both dry and wet conditions. These experiments highlight the impact that surface 

roughness has on backscatter and the change in dominant interface with increasing snow water content. Further work is needed 

to continue to improve understanding on how snow and ice properties change under these conditions. While the field 

observations used in this study provide valuable information, continued study of snow and ice properties such as SSA, RMSH, 675 

and interface correlation length both before and after mid-winter melt events will be crucial in parameterizing radiative transfer 
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models throughout the ice season. Also of interest is the impact of these events on the properties of snow ice layers, particularly 

with the bubble radius and porosity, which have been noted as factors impacting backscatter in past sensitivity analysis (Tian 

et al., 2015; Murfitt et al., 2022). Improving the parameterization of wet snow conditions over lake ice will be important for 

retrieval of properties such as RMSH. While the development of algorithms for ice thickness retrieval (i.e., inversion models) 680 

will require several parameters (i.e. bubble radius, porosity, and VMC), the observations of this study indicate that accurate 

retrieval of RMSH is crucial. Additionally, effective modelling of backscatter under wet conditions is useful in training lake 

ice classification models to identify areas of weaker ice types or slush that could pose hazardous to users of lake ice for 

transportation and recreation during winter months. However, further work is needed as the processes are complex and 

collection of additional field data and observations on conditions are needed to improve the representation of these events in 685 

modelling.  

Appendix A 

 

Figure A1. Developed relation between density and SSA from samples obtained during all field campaigns conducted on Lake Oulujärvi.  

 690 

Code Availability. The SMRT model code, including the new permittivity formulations, is available from 

https://github.com/smrt-model/smrt/releases/tag/v1.1.0 (last access: April 11, 2023). 

 

Competing Interests. The authors declare that they have no conflict of interest. 

https://github.com/smrt-model/smrt/releases/tag/v1.1.0


33 

 

 695 

Description of Authors’ Responsibilities. Conceptualization – Justin Murfitt & Claude R. Duguay; Software – Justin Murfitt 

& Ghislain Picard; Resources and Data Curation – Justin Murfitt & Juha Lemmetyinen; Visualization and Formal Analysis – 

Justin Murfitt; First Draft – Justin Murfitt; Revising and Editing – Justin Murfitt, Claude R. Duguay, Ghislain Picard, & Juha 

Lemmetyinen; Supervision – Claude R. Duguay. 

 700 

Acknowledgements. The authors would like to acknowledge Natural Sciences and Engineering Research Council of Canada, 

European Space Agency, and EUMETSAT for the financial support provided to this research.  

References 

Antonova, S., Duguay, C. R., Kääb, A., Heim, B., Langer, M., Westermann, S., and Boike, J.: Monitoring Bedfast Ice and Ice 

Phenology in Lakes of the Lena River Delta Using TerraSAR-X Backscatter and Coherence Time Series, Remote Sens., 8, 705 

https://doi.org/10.3390/rs8110903, 2016. 

Ariano, S. S. and Brown, L. C.: Ice Processes on Medium‐Sized North‐Temperate Lakes, Hydrol. Process., 33, 2434–2448, 

https://doi.org/10.1002/hyp.13481, 2019. 

Ashton, G. D.: River and Lake Ice Engineering., Water Resources Publication, Littleton, CO, 485 pp., 1986. 

Atwood, D. K., Gunn, G. E., Roussi, C., Wu, J., Duguay, C., and Sarabandi, K.: Microwave Backscatter From Arctic Lake Ice 710 

and Polarimetric Implications, IEEE Trans. Geosci. Remote Sens., 53, 5972–5982, 

https://doi.org/10.1109/TGRS.2015.2429917, 2015. 

Baghdad, N., Gauthier, Y., Bernier, M., and Fortin, J.-P.: Potential and Limitations of RADARSAT SAR Data for Wet Snow 

Monitoring, IEEE Trans. Geosci. Remote Sens., 38, 316–320, https://doi.org/10.1109/36.823925, 2000. 

Baijnath-Rodino, J. A., Duguay, C. R., and LeDrew, E.: Climatological Trends of Snowfall Over the Laurentian Great Lakes 715 

Basin, Int. J. Climatol., 38, 3942–3962, https://doi.org/10.1002/joc.5546, 2018. 

Brogioni, M., Pettinato, S., Macelloni, G., Paloscia, S., Pampaloni, P., Pierdicca, N., and Ticconi, F.: Sensitivity of Bistatic 

Scattering to Soil Moisture and Surface Roughness of Bare Soils, Int. J. Remote Sens., 31, 4227–4255, 

https://doi.org/10.1080/01431160903232808, 2010. 

Brown, L. C. and Duguay, C. R.: The Fate of Lake Ice in the North American Arctic, Cryosph., 5, 869–892, 720 

https://doi.org/10.5194/tc-5-869-2011, 2011. 

Cummings, H., Cooper, C. Z., and Lokram, R.: The Economic Impact of Snowmobiling in Ontario, 2019. 

Dibike, Y., Prowse, T., Bonsal, B., Rham, L. D., and Saloranta, T.: Simulation of North American Lake-Ice Cover 

Characteristics under Contemporary and Future Climate Conditions, Int. J. Climatol., 32, 695–709, 

https://doi.org/10.1002/joc.2300, 2012. 725 

Dinardo, S., Fenoglio-marc, L., Buchhaupt, C., and Becker, M.: Coastal SAR and PLRM altimetry in German Bight and West 



34 

 

Baltic Sea, Adv. Sp. Res., 62, 1371–1404, https://doi.org/10.1016/j.asr.2017.12.018, 2018. 

Du, J., Kimball, J. S., Duguay, C., Kim, Y., and Watts, J. D.: Satellite Microwave Assessment of Northern Hemisphere Lake 

Ice Phenology From 2002 to 2015, Cryosph., 11, 47–63, https://doi.org/10.5194/tc-11-47-2017, 2017. 

Duguay, C. R., Pultz, T. J., Lafleur, P. M., and Drai, D.: RADARSAT Backscatter Characteristics of Ice Growing on Shallow 730 

Sub-Arctic Lakes, Churchill, Manitoba, Canada, Hydrol. Process., 16, 1631–1644, https://doi.org/10.1002/hyp.1026, 2002. 

Duguay, C. R., Flato, G. M., Jeffries, M. O., Ménard, P., Morris, K., and Rouse, W. R.: Ice-Cover Variability on Shallow 

Lakes at High Latitudes: Model Simulations and Observations, Hydrol. Process., 17, 3465–3483, 

https://doi.org/10.1002/hyp.1394, 2003. 

Eerola, K., Rontu, L., Kourzeneva, E., Pour, H. K., and Duguay, C.: Impact of Partly Ice-Free Lake Ladoga on Temperature 735 

and Cloudiness in an Anticyclonic Winter Situation – a Case Study Using a Limited Area Model, Tellus A Dyn. Meteorol. 

Oceanogr., 66, 23929, https://doi.org/10.3402/tellusa.v66.23929, 2014. 

Engram, M., Anthony, K. W., Meyer, F. J., and Grosse, G.: Synthetic Aperture Radar (SAR) Backscatter Response From 

Methane Ebullition Bubbles Trapped by Thermokarst Lake Ice, Can. J. Remote Sens., 38, 667–682, 

https://doi.org/10.5589/m12-054, 2012. 740 

Engram, M., Anthony, K. W., Meyer, F. J., and Grosse, G.: Characterization of L-Band Synthetic Aperture Radar (SAR) 

Backscatter From Floating and Grounded Thermokarst Lake Ice in Arctic Alaska, Cryosphere, 7, 1741–1752, 

https://doi.org/10.5194/tc-7-1741-2013, 2013. 

European Space Agency: SNAP - ESA Sentinel Application Platform, http://step.esa.int, 2020. 

Fung, A. K. and Chen, K. S.: Microwave Scattering and Emission Models for Users, Artech House, Norwood, MA, 425 pp., 745 

2010. 

Fung, A. K., Li, Z., and Chen, K. S.: Backscattering From a Randomly Rough Dielectric Surface, IEEE Trans. Geosci. Remote 

Sens., 30, 356–369, https://doi.org/10.1109/36.134085, 1992. 

Gallet, J.-C., Domine, F., Zender, C. S., and Picard, G.: Measurement of the Specific Surface Area of Snow Using Infrared 

Reflectance in an Integrating Sphere at 1310 and 1550 nm, Cryosph., 3, 167–182, https://doi.org/10.5194/tc-3-167-2009, 2009. 750 

Gherboudj, I., Bernier, M., and Leconte, R.: A Backscatter Modeling for River Ice: Analysis and Numerical Results, IEEE 

Trans. Geosci. Remote Sens., 48, 1788–1798, https://doi.org/10.1109/TGRS.2009.2034256, 2010. 

Gunn, G. E., Brogioni, M., Duguay, C., Macelloni, G., Kasurak, A., and King, J.: Observation and Modeling of X- and Ku-

Band Backscatter of Snow-Covered Freshwater Lake Ice, IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens., 8, 3629–3642, 

https://doi.org/10.1109/JSTARS.2015.2420411, 2015. 755 

Gunn, G. E., Duguay, C., Derksen, C., Clausi, D., and Toose, P.: Investigating the Influence of Variable Freshwater Ice Types 

on Passive and Active Microwave Observations, Remote Sens., 9, 1242, https://doi.org/10.3390/rs9121242, 2017. 

Gunn, G. E., Duguay, C. R., Atwood, D. K., King, J., and Toose, P.: Observing Scattering Mechanisms of Bubbled Freshwater 

Lake Ice Using Polarimetric RADARSAT-2 (C-Band) and UW-Scat (X- and Ku-Bands), IEEE Trans. Geosci. Remote Sens., 

56, 2887–2903, https://doi.org/10.1109/TGRS.2017.2786158, 2018. 760 



35 

 

Gunn, G. E., Tarabara, V., Rutty, M., Bessette, D. L., and Richardson, R. B.: Roughness and Storage Capacity of Freshwater 

Ice in the Straits of Mackinac, Cold Reg. Sci. Technol., 186, 1–9, https://doi.org/10.1016/j.coldregions.2021.103278, 2021. 

Han, H. and Lee, H.: Radar Backscattering of Lake Ice During Freezing and Thawing Stages Estimated by Ground-Based 

Scatterometer Experiment and Inversion From Genetic Algorithm, IEEE Trans. Geosci. Remote Sens., 51, 3089–3096, 2013. 

Hersbach, H., Bell, B., Berrisford, P., Hirahara, S., Horányi, A., Nicolas, J., Peubey, C., Radu, R., Bonavita, M., Dee, D., 765 

Dragani, R., Flemming, J., Forbes, R., Geer, A., Hogan, R. J., Janisková, H. M., Keeley, S., Laloyaux, P., Cristina, P. L., and 

Thépaut, J.: The ERA5 Global Reanalysis, Q. J. R. Meteorol. Soc., 146, 1999–2049, https://doi.org/10.1002/qj.3803, 2020. 

Hewitt, B. A.: Effects of Climate Change on Lake Ice Freeze Up Across the Northern Hemisphere: Historical Patterns and 

Future Predictions, York University, 2019. 

Hoekstra, M., Jiang, M., Clausi, D. A., and Duguay, C. R.: Lake Ice-Water Classification of RADARSAT-2 Images by 770 

Integrating IRGS Segmentation with Pixel-Based Random Forest Labeling, Remote Sens., 12, 1–21, 

https://doi.org/10.3390/rs12091425, 2020. 

Hyvaerinen, P.: Determining the Optimal Release Window for Lake-Stocked Brown Trout : Interactions between Release Size 

, Prey Availability , Predation Risks and Fishing Mortality, University of Helsinki, 2004. 

Jeffries, M. O., Morris, K., Weeks, W. F., and Wakabayashi, H.: Structural and Stratigraphic Features and ERS 1 Synthetic 775 

Aperture Radar Backscatter Characteristics of Ice Growing on Shallow Lakes in NW Alaska, Winter 1991-1992, J. Geophys. 

Res., 99, 22459–22471, https://doi.org/10.1029/94JC01479, 1994. 

Komarov, A. S., Landy, J. C., Komarov, S. A., and Barber, D. G.: Evaluating Scattering Contributions to C-Band Radar 

Backscatter From Snow-Covered First-Year Sea Ice at the Winter – Spring Transition Through Measurement and Modeling, 

55, 5702–5718, 2017. 780 

Korhonen, J.: Ice Conditions in Lakes and Rivers in Finland, Finnish Environ., 751, 1–145, 2005. 

Korhonen, J.: Long-Term Changes in Lake Ice Cover in Finland, Nord. Hydrol., 37, 347, https://doi.org/10.2166/nh.2006.019, 

2006. 

Landy, J. C., Tsamados, M., and Scharien, R. K.: A Facet-Based Numerical Model for Simulating SAR Altimeter Echoes 

From Heterogeneous Sea Ice Surfaces, 57, 4164–4180, 2019. 785 

Leconte, R. and Klassen, P. D.: Lake and River Ice Investigations in Northern Manitoba Using Airborne SAR Imagery, Arctic, 

44, 153–163, 1991. 

Lee, J.: Refined Filtering of Image Noise Using Local Statistics, Comput. Graph. Image Process., 15, 380–389, 1981. 

Lopez, L. S., Hewitt, B. A., and Sharma, S.: Reaching a Breaking Point : How is Climate Change Influencing the Timing of 

Ice Breakup in Lakes Across the Northern Hemisphere?, Limnol. Oceanogr., 64, 2621–2631, 790 

https://doi.org/10.1002/lno.11239, 2019. 

Mahmud, M. S., Howell, S. E. L., Geldsetzer, T., and Yackel, J.: Detection of Melt Onset Over the Northern Canadian Arctic 

Archipelago Sea Ice from RADARSAT, 1997 – 2014, Remote Sens. Environ., 178, 59–69, 

https://doi.org/10.1016/j.rse.2016.03.003, 2016. 



36 

 

Mangilli, A., Thibaut, P., Duguay, C. R., and Murfitt, J.: A New Approach for the Estimation of Lake Ice Thickness From 795 

Conventional Radar Altimetry, IEEE Trans. Geosci. Remote Sens., 60, https://doi.org/10.1109/TGRS.2022.3186253, 2022. 

Matsuoka, T., Uratsuka, S., Takahashi, A., Kobayashi, T., Satake, M., Nadai, A., Umehara, T., Wakabayashi, H., and Nishio, 

F.: A Backscattering Model for Bubbles in Lake Ice and Comparisons With Satellite and Airborne SAR Data, in: IEEE 1999 

International Geoscience and Remote Sensing Symposium, 107–109, https://doi.org/10.1109/igarss.1999.773416, 1999. 

Mätzler, C.: Relation Between Grain-Size and Correlation Length of Snow, J. Gl, 48, 461–466, 800 

https://doi.org/10.3189/172756502781831287, 2002. 

Mätzler, C. and Schanda, E.: Snow Mapping With Active Microwave Sensors, Int. J. Remote Sens., 5, 409–422, 

https://doi.org/10.1080/01431168408948816, 1984. 

Mätzler, C. and Wiesmann, A.: Documentation for MEMLS, Version 3, 2007. 

Mätzler, C., Rosenkranz, P. W., Battaglia, A., and Wigneron, J. P.: Thermal Microwave Radiation: Applications for Remote 805 

Sensing, Institution of Engineering and Technology, London, 555 pp., 2006. 

Maykut, G. A. and Untersteiner, N.: Some Results from a Time-Dependent Thermodynamic Model of Sea Ice, J. Geophys. 

Res., 76, 1550–1575, https://doi.org/10.1029/JC076i006p01550, 1971. 

Morris, K., Jeffries, M. O., and Weeks, W. F.: Ice Processes and Growth History on Arctic and Sub-Arctic Lakes Using ERS-

1 SAR Data, Polar Rec. (Gr. Brit)., 31, 115–128, https://doi.org/10.1017/S0032247400013619, 1995. 810 

Murfitt, J. and Duguay, C. R.: Assessing the Performance of Methods for Monitoring Ice Phenology of the World’s Largest 

High Arctic Lake Using High-Density Time Series Analysis of Sentinel-1 Data, Remote Sens., 12, 1–26, 

https://doi.org/10.3390/rs12030382, 2020. 

Murfitt, J. and Duguay, C. R.: 50 Years of Lake Ice Research From Active Microwave Remote Sensing: Progress and 

Prospects, Remote Sens. Environ., 264, 1–21, https://doi.org/10.1016/j.rse.2021.112616, 2021. 815 

Murfitt, J., Brown, L. C., and Howell, S. E. L.: Evaluating RADARSAT-2 for the Monitoring of Lake Ice Phenology Events 

in Mid-Latitudes, Remote Sens., 10, 1641, https://doi.org/https://doi.org/10.3390/rs10101641, 2018. 

Murfitt, J., Duguay, C. R., Picard, G., and Gunn, G. E.: Investigating the Effect of Lake Ice Properties on Multifrequency 

Backscatter Using the Snow Microwave Radiative Transfer (SMRT) Model, IEEE Trans. Geosci. Remote Sens., 60, 1–26, 

https://doi.org/10.1109/TGRS.2022.3197109, 2022. 820 

Murfitt, J., Duguay, C., Picard, G., and Gunn, G.: Forward modelling of synthetic aperture radar backscatter from lake ice over 

Canadian Subarctic Lakes, Remote Sens. Environ., 286, 1–18, https://doi.org/10.1016/j.rse.2022.113424, 2023. 

Nagler, T. and Rott, H.: Retrieval of Wet Snow by Means of Multitemporal SAR Data, IEEE Trans. Geosci. Remote Sens., 

38, 754–765, 2000. 

Petrich, C. and Eicken, H.: Growth, Structure and Properties of Sea Ice, in: Sea Ice, Blackwell, Oxford, U.K., 23–78, 2010. 825 

Picard, G., Sandells, M., and Löwe, H.: SMRT: An Active-passive Microwave Radiative Transfer Model for Snow With 

Multiple Microstructure and Scattering Formulations (v1.0), Geosci. Model Dev., 11, 2763–2788, 

https://doi.org/10.5194/gmd-11-2763-2018, 2018. 



37 

 

Picard, G., Löwe, H., and Mätzler, C.: Brief Communication : A Continuous Formulation of Microwave Scattering from Fresh 

Snow to Bubbly Ice from First Principles, Cryosph. Discuss., 1–9, https://doi.org/https://doi.org/10.5194/tc-2022-63, 2022a. 830 

Picard, G., Leduc-Leballeur, M., Banwell, A. F., Brucker, L., and Macelloni, G.: The Sensitivity of Satellite Microwave 

Observations to Liquid Water in the Antarctic Snowpack, Cryosph. Discuss., 1–34, https://doi.org/10.5194/tc-2022-85, 2022b. 

Pirinen, P., Simola, H., Aalto, J., Kaukoranta, J.-P., Karlsson, P., and Ruuhela, R.: Tilastoja Suomen Ilmastosta 1981-2010, 96 

pp., 2012. 

Rouse, W. R., Binyamin, J., Blanken, P. D., Bussières, N., Duguay, C. R., Oswald, C. J., Schertzer, W. M., and Spence, C.: 835 

The Influence of Lakes on the Regional Energy and Water Balance of the Central Mackenzie, in: Cold Region Atmospheric 

and Hydrologic Studies: The Mackenzie GEWEX Experience 1, edited by: Woo, M., Springer Berlin Heidelberg, New York, 

309–325, 2008. 

Rutter, N., J. Sandells, M., Derksen, C., King, J., Toose, P., Wake, L., Watts, T., Essery, R., Roy, A., Royer, A., Marsh, P., 

Larsen, C., and Sturm, M.: Effect of Snow Microstructure Variability on Ku-Band Radar Snow Water Equivalent Retrievals, 840 

Cryosphere, 13, 3045–3059, https://doi.org/10.5194/tc-13-3045-2019, 2019. 

Sharma, S., Richardson, D. C., Woolway, R. I., Imrit, M. A., Bouffard, D., Blagrave, K., Daly, J., Filazzola, A., Granin, N., 

Korhonen, J., Magnuson, J., Marszelewski, W., Matsuzaki, S. I. S., Perry, W., Robertson, D. M., Rudstam, L. G., 

Weyhenmeyer, G. A., and Yao, H.: Loss of Ice Cover, Shifting Phenology, and More Extreme Events in Northern Hemisphere 

Lakes, J. Geophys. Res. Biogeosciences, 126, 1–12, https://doi.org/10.1029/2021JG006348, 2021. 845 

Sharma, S., Filazzola, A., Nguyen, T., Imrit, M. A., Bouffard, D., Daly, J., Feldman, H., Felsine, N., and Hendricks-Franssen, 

H.-J.: Long-Term Ice Phenology Records Spanning up to 578 Years for 78 Lakes Around the Northern Hemisphere, Sci. Data, 

9, 1–15, https://doi.org/10.1038/s41597-022-01391-6, 2022. 

Shi, J., Dozier, J., and Barbara, S.: Radar Backscattering Response to Wet Snow, in: IGARSS 1992, 

https://doi.org/10.1109/IGARSS.1992.578299, 1992. 850 

Soriot, C., Picard, G., Prigent, C., and Domine, F.: Year-Round Sea Ice and Snow Characterization from Combined Passive 

and Active Microwave Observations and Radiative Transfer Modeling, Remote Sens. Environ., 278, 

https://doi.org/10.1016/j.rse.2022.113061, 2022. 

Sturm, M. and Holmgren, J.: Self-Recording Snow Depth Probe, 1999. 

Tian, B., Li, Z., Engram, M. J., Niu, F., Tang, P., Zou, P., and Xu, J.: Characterizing C-band Backscattering From Thermokarst 855 

Lake Ice on the Qinghai-Tibet Plateau, ISPRS J. Photogramm. Remote Sens., 104, 63–76, 

https://doi.org/10.1016/j.isprsjprs.2015.02.014, 2015. 

2020 Winter Road Poster: https://jvtcwinterroad.ca/wp-content/uploads/2020/01/2020-Winter-Road-Poster-1.pdf, last access: 

13 May 2020. 

Tsang, L. and Kong, J. A.: Scattering of Electromagnetic Waves: Advanced Topics, edited by: Kong, J. A., John Wiley & 860 

Sons, Inc., New York, 411 pp., 2001. 

Ulaby, F. T. and Long, D.: Microwave Radar and Radiometric Remote Sensing, The University of Michigan Press, Ann Arbor, 



38 

 

Michigan, 1014 pp., 2014. 

Vargel, C., Royer, A., St-Jean-Rondeau, O., Picard, G., Roy, A., Sasseville, V., and Langlois, A.: Arctic and Subarctic Snow 

Microstructure Analysis for Microwave Brightness Temperature Simulations, Remote Sens. Environ., 242, 111754, 865 

https://doi.org/10.1016/j.rse.2020.111754, 2020. 

Wakabayashi, H., Nishio, F., and Jeffries, M.: C-Band Backscattering Characteristics of Lake Ice in Northern Alaska During 

Spring Thaw Period, J. Remote Sens. Soc. Japan, 19, 333–341, https://doi.org/10.11440/rssj1981.19.333, 1999. 

Weeks, W. F., Gow, A. J., and Schertler, R. J.: Ground-Truth Observations of Ice-Covered North Slope Lakes Imaged by 

Radar No. CRREL-81-19, Hanover, New Hampshire, 1981. 870 

Weyhenmeyer, G. A., Obertegger, U., Rudebeck, H., Jakobsson, E., Jansen, J., Zdorovennova, G., Bansal, S., Block, B. D., 

Carey, C. C., Doubek, J. P., Dugan, H., Erina, O., Fedorova, I., Fischer, J. M., Grinberga, L., Grossart, H. P., Kangur, K., 

Knoll, L. B., Laas, A., Lepori, F., Meier, J., Palshin, N., Peternell, M., Pulkkanen, M., Rusak, J. A., Sharma, S., Wain, D., and 

Zdorovennov, R.: Towards critical white ice conditions in lakes under global warming, Nat. Commun., 13, 1–8, 

https://doi.org/10.1038/s41467-022-32633-1, 2022. 875 

World Meteorological Organization: The 2022 GCOS ECVs Requirements (GCOS 245), 244 pp., 2022. 

Wu, Y., Duguay, C. R., and Xu, L.: Assessment of Machine Learning Classifiers for Global Lake Ice Cover Mapping from 

MODIS TOA Reflectance Data, Remote Sens. Environ., 253, 112206, https://doi.org/10.1016/j.rse.2020.112206, 2021. 

 

 880 


