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Abstract

:

Sea ice regulates the overall energy exchange and radiation budget of the Arctic region, and understanding this relationship requires an accurate determination of snow depth. However, methods for deriving snow depth have a large error through the annual winter and early spring periods due to the potential complexity of surface melting during early summer. In this study, we explore the potential of retrieving snow depth during the early summer using optical satellite imagery of the sea-ice cover. Measurements using VIS/IR (visible and infrared) usually feature much higher spatial resolution than L-band satellite data and can provide additional surface melting and leads information; in addition, considering the snow grain size–snow surface temperature interaction, there is co-variability between the observed sea-ice surface broadband albedo using an optical satellite sensor, the sea-ice surface temperature, and the retrieval target of snow depth on the spatial scale of optical imagery samples. We applied a surface classification procedure to optical satellite imagery and introduce an approach to derive snow depth from optical satellite imagery and ice surface temperature data using two solar radiation transfer models: the Delta-Eddington solar radiation model, which is the shortwave radiative scheme of the Los Alamos sea-ice model, and a simplified snow albedo scheme, which is tuned to the observational data of buoys. The snow depth was inversed from the model simulation results using a lookup-table-based method. For comparison with the observational data, using the Delta-Eddington solar radiation model, about 55% of the differences are below 5 cm, and thicker snowpack has a larger bias; using the simplified snow albedo scheme, a mean difference of 4.1 cm between retrieval and measurements was found, with 93% of the differences being smaller than 5 cm. This approach can be applied to optical satellite imagery acquired under clear-sky conditions and can serve as an addition to overcome the limitations of existing methods.
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1. Introduction


The sea ice of the southern oceans and the Arctic is a crucial component of the earth’s climate system. Sea ice regulates the energy budget between the ocean and atmosphere, modulates the overall radiation budget of the Arctic Ocean and Southern Ocean through ice–albedo feedback and influences ocean circulation through freshwater and salinity distribution [1,2,3,4]. Arctic and Antarctic sea ice are typically snow-covered for the majority of the year [5,6]. Snow, however, exhibits a higher albedo and significantly lower thermal conductivity compared to bare sea ice, insulating the sea ice beneath it, reducing heat flux heat transfer between the ice–ocean and atmosphere and lowering both summer sea-ice melt and winter sea-ice growth [6,7,8,9]. Therefore, a correct understanding of snow depth is key to an understanding of regional and global processes and their changes.



Remote sensing based on satellites can provide information about the sea-ice thickness (SIT) and snow depth distribution in the polar region [10,11,12]. There are sea-ice thickness retrieval methods based on satellite altimetry such as ICESat-2 and Cryosat-2 data. NASA’s Ice, Cloud, and land Elevation Satellite (ICESat-2) is a multi-beam, high-repetition-rate (10 kHz) and 532 nm-wavelength laser altimeter [13], i.e., by knowing the satellite’s precise location and the pointing angle, the elevation or height of the surface features can be determined. The surface elevation with which the emitted laser light interacts is the snow–atmospheric interface, referring to the topmost layer of the snowpack. The directly retrieved value from the laser altimetry measurement is the freeboard of snow. Sea-ice thickness is determined from sea-ice freeboard through prerequisite assumptions of sea-ice density and snow depth/density [3,14]. ESA’s CryoSat-2 is equipped with the SAR/Interferometric Radar Altimeter (SIRAL) instrument, and it can accurately measure surface topography information. This capability was previously only achievable with pulse-based radar altimeters. Radar echoes are assumed to scatter from the snow–ice interface [15,16]; consequently, it becomes possible to measure the sea-ice freeboard, which represents the height of the sea ice above the water’s surface. The ice thickness is then estimated using the estimated freeboard and climatology snow density/depth data by assuming that the sea ice maintains hydrostatic balance [3,5].



As analyzed above, it is evident that snow depth represents the primary source of uncertainty in sea-ice thickness (SIT) and volume retrieval. The estimation of SIT from the freeboard relies on climatology snow-depth data collected from manned drifting stations and isolated locations (accessed via aircraft) on multi-year ice (MYI) in the Arctic. The Warren climatology snow-depth product spanning the period between 1954 and 1991, given the absence of a more comprehensive operational product, continues to be widely utilized at present—sometimes with a modification factor of 0.5 or 0.7. The modification factor is introduced to accommodate the lower snow depths typically observed on first-year ice (FYI) and to account for the fact that less ice survives the melting season [3,14]. So, additional efforts are required to expand observations of snow depth and density throughout the summer season [17].



The existing methods are not configured to retrieve SIT measurements throughout the melt season or snow-depth measurements from late spring to early summer because of the lack of surface melt conditions [18]. During the summer, melt ponds on sea ice interfere with the satellite’s radar signal; surface melt also poses challenges in accurately distinguishing between melt ponds and leads, resulting in melt ponds being mistakenly classified as leads, which introduces bias in the freeboard and thickness estimates, causing them to be underestimated. Therefore, improved knowledge of the surface classification procedure in spring/summer is required. VIS/IR (visible and infrared) remote sensing usually has a much higher spatial resolution compared to L-band satellite data and can provide additional surface melting and leads information [19,20,21,22,23], whereas it has not been used for snow-depth retrieval so far. In this study, we applied a surface classification procedure to Sentinel-2 (S-2) imagery with high spatial resolution to enable detailed snow-depth analysis. Regarding the S-2, we used data from the time period from June 2020 to July 2020, which coincides with the field data on the snow depth in the early summer period observed by the MOSAiC expedition [24]. To enable analysis of larger areas and longer time periods, we have also adopted Moderate Resolution Imaging Spectroradiometer (MODIS) data ranging between 2008 and 2016. Once the surface classification procedure is implemented, the snow depth is derived from the S-2 and MODIS using ice surface temperature data and two different solar radiation transfer models: the Delta-Eddington solar radiation model, which is the shortwave radiative scheme of the CICE (Los Alamos sea-ice model) for sea-ice development (publicly available at https://climatemodeling.science.energy.gov/technical-highlights/cice-consortium-model-sea-ice-development (accessed on 15 October 2023)), and a simplified snow albedo scheme, which has been tuned to buoy data. The inversion of snow depth was accomplished through a lookup-table-based approach utilizing the outcomes of the model simulations. Moreover, this approach can be applied to optical satellite imagery acquired under clear-sky conditions and can serve as an addition to overcome the existing limitations of radar altimetry using ICESat-2 (70 m) or CryoSat-2 (300 m) data. There are three main study regions in this study: (1) Beaufort Gyre, (2) from the Transpolar Drift Stream to the Fram Strait, and (3) around the North Pole. These regions represent different ice regimes and are representative of Arctic sea ice.



The structure of this paper is as follows: Section 2 presents the radiative transfer model employed for snow-depth retrieval. In Section 3, we provide an overview of the datasets used and the data processing workflow. In Section 4, we examine the radiation transfer model’s accuracy and present an assessment of our snow-depth retrieval performance compared to in situ measurements from sea-ice mass-balance buoys. In Section 5, we discuss the retrievability and uncertainty estimates of the methods. In Section 6, we introduce the contributions and shortages of the proposed method and outline a possible direction for further research.




2. Radiative Transfer Model


The shortwave radiative characteristics of the sea ice were numerically modeled using a solar radiation transfer model. We used the Delta-Eddington model and built a simplified version of the model to calculate the snow albedo–snow depth relationship. The outline of the algorithm is presented in Figure 1, with the two phases marked with two boxes. The methodological approach consists of sequential steps as follows: snow cover is classified from the imagery, and once the surface classification procedure is implemented, albedo calculation is applied to the snow-covered grid, and snow depth is derived from the snow surface albedo and ice surface temperature using the two different solar radiation transfer models.



2.1. Delta-Eddington Solar Radiation Model


The Delta-Eddington shortwave radiation scheme has been implemented by the commonly used sea-ice model CICE [25]. It is assumed that the prominent forward scattering peak of snow and sea ice can be represented as a delta function [26] (Equation (38) in [26]); this enables the scaling of the radiative transfer equation. Once scaled, the resulting transfer equation can be efficiently solved using the Eddington approximation method [27]. The sea ice is partitioned into multiple layers to account for the multiple scattering of light within each layer (Equation set 50 in [26]). The term “Delta” in the scheme’s name signifies its incorporation of the delta transform to account for the pronounced forward scattering observed in sea ice and snow (Equations (2a)–(2c) in [27]).



Following the Delta-Eddington assumption, the transmittance and diffuse reflectance for a single layer are computed by integrating the direct transmittance and reflectance across the incident hemisphere under the assumption of isotropic incidence. This approach aligns with the method introduced by Wiscombe and Warren [28], as outlined in their Equation (5). In practical implementation, they employed eight Gaussian angles to integrate these values across every layer. In this study, we assumed clear-sky conditions, and only cloudless optical satellite images were used for the estimation of snow depth (Figure 2). The computed reflectance and transmittance for a single layer, considering both direct and diffuse components, are subsequently merged to account for interlayer light scattering. This fusion process facilitates the calculation of the reflectance and transmission values at each interface [26] and further enables the determination of upward and downward fluxes. The upward and downward fluxes, computed at various optical depths, then serve as critical inputs for calculating the column reflectance and transmittance. The model can be used for the determination of absorption profiles for diverse multilayered media, such as sea ice and snowpack.



Snow initially falls as a diverse array of snow crystal shapes and sizes but undergoes a rapid transformation that is primarily driven by vapor diffusion upon settling on the surface. This transformation leads to the formation of nearly unimodal and roughly spherical snow grains [29]. These grains continue to grow gradually over time through temperature-dependent vapor diffusion. Until significant compaction occurs, the density of the snow remains low, and there is a substantial amount of air space between the adjacent, nearly spherical snow grains. Near the melting point, temperatures induce a rapid enlargement of snow grain size, and melting leads to the incorporation of liquid water into the snow. The presence of liquid water, coupled with the growing grain size, typically results in lower snow albedo during melting or near-melting conditions compared to that observed in non-melting fresh snow. As a result of that, there is co-variability between the observed sea-ice surface broadband albedo from an optical satellite sensor, the sea-ice surface temperature and the snow depth, which enables the retrieval of the snow depth from optical remote sensing imagery and the ice surface temperature.




2.2. Development of a Simplified Snow Albedo Scheme


The algorithm’s structure is based on the theoretical retrieval algorithm of Wang et al. [30]. Remote sensing often demands efficient parameterization schemes; to achieve this, we simplified the Delta-Eddington solar radiation model and derived a parameterization that approximates the connection between snow depth, snow albedo and ice surface temperature. This scheme comprises two key components: (a) forward scattering, which accounts for the surface solar reflectance; and (b) backscattering, which refers to the solar radiation entering the surface of snow. The scheme is as follows:


  a l  b  s n o w   =  β 1  ×   1 −  e  − 2 k z     +  β 2  ×    e  − 2 k z      



(1)







Here,   a l  b  s n o w     is the albedo of new snow,  k  represents the extinction coefficient (    cm   − 1   )  , which characterizes the snowpack’s absorption and scattering capabilities and  z  is the depth of the snow (  cm  ). Given two extreme conditions—(1)   a l  b  s n o w   = a l  b  g r o u n d     if   z = 0  ,   a l  b  g r o u n d     is the snow background albedo (i.e., the albedo of the bare ground before the new snowfall or pre-existing old snow); and (2)   a l  b  s n o w   = a l  b ∞    if  z  approaches an infinitely large snow depth, and   a l  b  s n o w     is the new and infinite snow albedo—we can determine that    β 1  = a l  b ∞   ,    β 2  = a l  b  g r o u n d    . Therefore,


  a l  b  s n o w   = a l  b ∞  ×   1 −  e  − 2 k z     + a l  b  g r o u n d   ×    e  − 2 k z      



(2)




where  k  (extinction coefficient) and   a l  b ∞    are determined by the snow grain size. Utilizing the albedo values calculated with the Delta-Eddington solar radiation model, we parameterize   a l  b ∞    and  k  as follows:


  a l  b ∞  = a × I n    D  s n o w     + b  



(3a)






  k = c ×  D  s n o w  d   



(3b)




where    D  s n o w     is the snow grain size in mm derived from the Delta-Eddington solar radiation model using the ice surface temperature data. The regression coefficients  a ,   b ,   c   and  d  (a = −0.061, b = 1.20, c = 9.47, d = −0.16) were determined through fitting to in situ (buoy) observations.





3. Data


3.1. Satellite Data and Ice Surface Temperature Data


Optical satellites provide an estimation of surface reflectance in the VIS/IR parts of the spectrum; some also include thermal infrared. Although limited to clear-sky situations, they provide high swath widths and repetition rates in the polar region during the melt season and allow discrimination between different ice features including lead, melt pond, bare ice and snow-covered ice in different stages of sea-ice development [31]. Moreover, optical satellite data such as MODIS data were used to produce time series of melt-pond fraction (MPF) [19,20,21,22,23]. To construct the retrieval algorithm for snow-depth retrieval, we adopted S-2 and MODIS data, i.e., Level-2A orthorectified atmospherically corrected surface reflectance product S2_SR and Terra Surface Reflectance Daily Global 1 km and 500 m product MOD09GA.061 from the MODIS sensor.



The MODIS Surface Reflectance delivers the measurements of the surface spectral reflectance after atmospheric and aerosol correction. In version 6.1 of MOD09GA, bands 1–7 (620–2155 nm) are provided in a daily gridded L2G product in sinusoidal projection. This includes reflectance with a resolution of 500 m and geolocation statistics with a 1 km or 500 m resolution [32]. The S-2 is a polar-orbiting optical mission designed for land and coastal region monitoring as well as emergency services. The mission comprises two satellites, S-2A and S-2B, both equipped with the Multi-Spectral Instrument (MSI). S-2A and S-2B were launched in 2015 and 2017, respectively. The MSI offers 13 spectral bands spanning from 443 to 2202 nm, with spatial resolutions ranging from 10 to 60 m. The S-2 provides high-spatial-resolution images of Arctic Ocean offshore areas, often capturing data once a day. The S-2 Level 2 data were obtained from Google Earth Engine (GEE) and were processed using Sen2Cor [33].



The ice surface air temperature was retrieved from the reanalysis product ERA5 of the European Centre for Medium-Range Weather Forecasts (ECMWF) [34]. The ERA5 provides hourly analysis and forecast fields and has global coverage with a horizontal spatial resolution of 31 km. In the vertical plane, ERA5 resolves the atmosphere using 137 levels from the surface up to a height equaling 0.01 hPa. The ERA5 ice surface air temperature was interpolated to S-2 and MODIS grids using the Nearest-Neighbor interpolation method.




3.2. Sea-Ice Mass-Balance Buoy Data


To evaluate the snow-depth retrieval of MODIS, we used ice mass-balance (IMB) buoy data with quality-controlled snow-depth measurements. The IMB data span from August 2008 to August 2016 [35]. The data are openly accessible and can be obtained from the CRREL website (http://imb-crrel-dartmouth.org/archived-data/ (accessed on 18 May 2023)). IMB buoys were initially deployed in the beginning of the winter season or during the summer season. They span extensive regions including the central Arctic, Beaufort Sea, Chukchi Sea and the Greenland Sea. Snow depth is measured approximately every 2–4 h using an acoustic sounder, which records the position of the sea-ice surface or snow with an accuracy of approximately 1 cm [36]. To validate the snow-depth data retrieved from the S-2, we utilized data from Snow and Ice Mass Balance Apparatus (SIMBA) buoys deployed in proximity to the MOSAiC Central Observatory (CO) during October and November 2019. These buoys covered an area of approximately 50 km and provided data on snow depth and drift patterns [37]. The data are publicly available in the Pangaea repository (download at https://doi.org/10.1594/PANGAEA (accessed on 18 May 2023)).




3.3. Data Usage Protocols


Because of existing differences between the IMB data and the satellite data in both the spatial and temporal dimensions, we outline the following protocols for using those datasets. As illustrated in Figure 3, for each IMB or SIMBA snow-depth observation along the buoy trajectories, satellite images around the buoy position with cloud coverage of less than 10% were selected. The acquisition time of the images was limited from May to August (1 May–31 August). Because the in situ observation data from the IMB and SIMBA measurements are of a small, local scale, we consider the in situ data only as an indicator for an S-2 or MODIS pixel. Moreover, because of the existing temporal gaps between the buoy and satellite observations and the highly variable snow depths due to surface melting, a single S-2 (10 m resolution) or MODIS (500 m resolution) pixel cannot fully represent the in situ observations. Therefore, we approximated the correspondence of the satellite and buoy data by considering satellite measurements in the adjacent 500 × 500 cells (the segment in Figure 3) of equal contribution to the buoy observation at the central cell (the one bounded by thick black lines in Figure 3).



It is worth noting that some of the neighboring areas of a buoy may be covered by melt ponds or leads. To exclude these areas, we applied a linearPolar algorithm to the image [20]. This algorithm can achieve the pixel-wise lead and melt-pond fractions; if the lead fraction or melt-pond fraction of a pixel was greater than 0, it was not considered for further analysis. If the lead and melt-pond fractions of a pixel equal 0, that means they contribute equally to the corresponding buoy observations in the central pixel. This allowed us to rule out the factors that may have compromised the quality of the satellite retrieval.



We calculated the broadband band albedo of each pixel of the satellite data. The broadband surface albedo was calculated using the narrowband spectral albedo data provided by the satellite [38]:


  α =  c 0  +   ∑   i = 1  n   c i  α  i   



(4)







Here,  α  represents the surface albedo of the broadband shortwave,   α  i    denotes the narrowband albedo for the MODIS or S-2 band  i  ( i  = 1, 2, …, 7) and    c i    represents the coefficients for the conversions from the narrowband albedo to the broadband albedo, as detailed in Table 1. The coefficients used in this study were sourced from Stroeve et al. [39] and Kathrin et al. [40] for snow/ice surfaces.





4. Results


In this section, we examine the simplified model radiation transfer model and the Delta-Eddington solar radiation model to demonstrate whether the simplified model is capable of reproducing the observed snow depth of the buoys comparably to the Delta-Eddington solar radiation model. First, the model was run with the introduced parameter setting, and then we compared the simulated results of the two snow albedo schemes with the in situ snow-depth observations.



Figure 4 illustrates the various parameters related to the solar radiation transfer of the sea-ice cover. In the case of snow covering the sea ice, the Delta-Eddington solar radiation treatment allows for an analysis of solar radiation transfer that is influenced by both snow depth and snow grain size. As the temperature of the ice surface rises, it leads to an increase in the size of individual snow grains. The larger grain size results in each snow grain becoming more effective at absorbing solar radiation. Consequently, as the snow grains grow larger and more absorbent, the asymptotic albedos of thick snow layers decrease. [26]. As shown in Figure 4, as the ice surface temperature of the snowpack rises, a thicker snow depth is required to shield the underlying sea ice from penetrating solar radiation. When ice surface temperatures are closer to zero, just a few centimeters of snow are sufficient to block solar radiation from reaching the sea ice below. Additionally, it is essential to consider the spectral distribution of the incoming solar flux and the solar zenith angle. Clouds modify the distribution of the solar radiation flux between diffuse and direct components. When cloud cover is high, diffuse radiation levels increase as a result of increased cloud height and coverage; therefore, scattering of radiation increases, particularly in comparison to clear-sky conditions.



We analyzed the effects of the above-mentioned parameters on snow albedo in reference to a case study from the Delta-Eddington solar radiation model. The uncertainty of the simulated snow albedo has been computed using biased standard deviation estimation concerning the mean values of various parameters that do not involve perturbation. Figure 5 shows the relative uncertainty of the albedo for all scenarios. The albedo variation caused by temperature changes is at most about 0.1; compared to temperature changes, solar zenith and ice thickness play a minor role in albedo variation. Therefore, we can assume that temperature plays a dominant role in the uncertainty of the retrieved snow albedo. Moreover, for a given temperature, the uncertainty in the retrieved albedo is relatively higher for thicker snowpacks.



For the verification of the proposed methods, we used IMB and SIMBA buoy observation data. We conducted the retrieval of the snow albedo from the cloud-free images (MODIS and S-2) that cover the IMB and SIMBA buoy observations (as in Section 3.3). We investigated the dependence of the surface albedo on the snow depth and ice surface temperature using the buoy observations and the retrieved broadband satellite albedo. Figure 6 shows 38 S-2 cases and 10 MODIS cases of those measurements. In addition, the albedo parameterization calculated using the (1) Delta-Eddington solar radiation model and the (2) simplified snow albedo scheme are displayed for different snow grain sizes (shown as isolines). The cases involve strong variability in snow depth, albedo and ice surface temperature (snow grain size) that was distributed in different ice regimes of the Arctic. The surface temperatures were close to or above zero, indicating a late spring/summer season [41]. The simulated albedo values for the 1000 µm grain size (dashed curve in Figure 6) ranged from 0.66 for low snow depth to albedo values above 0.73 for a snow depth larger than 0.5 m. Figure 6 presents the overall trend of increasing snow depth with decreasing snow grain size; the slope, however, follows the parameterization for snow grain sizes between 2000 µm for lower snow-depth values and 500 µm for higher snow-depth values. This might be related to different snow melting stages, as the distribution of the data includes different times and areas in the Arctic.



Extrapolating the observations (pairs of variates) of snow depth and surface albedo along the isolines of the 2000 µm snow grain size to a snow depth of over 0.5 m gives an estimate of the extremely thick snow surface albedo. In the example given in Figure 6, for a snow depth of over 0.5 m and a snow grain size of 2000 µm, a cloud-free albedo of 0.76 is estimated, which is 0.01 lower than the observed one. For snow-depth values exceeding the limitation of the parameterization, we assumed a maximum valid snow depth of 0.5 m; this is based on the truth that thick snow depths rarely exist during the beginning of the melting season. Surface albedo values above or below the range of the parameterization have been removed through filtering. Consequently, by combining the appropriate lookup tables of the Delta-Eddington solar radiation model and observation-fitted simplified albedo scheme, a continuous estimate of snow depth is provided, which considers the snow grain size–snow surface temperature interaction.



As shown in Figure 6 (bottom), the Delta-Eddington solar radiation transfer model fit for snow depth features an R-value of 0.83 and RMSE of 0.072, while the simplified snow albedo scheme fit (using the parameters a = −0.061, b = 1.20, c = 9.47, d = −0.16) features an R-value of 0.89 and RMSE of 0.053. For the retrieval accuracy of snow depth using different remote sensing sensors (Table 2), the S-2 cases exhibit greater retrieval accuracy when compared to the MODIS cases in both methods, as the S-2 cases have a higher resolution than the MODIS cases and produce more accurate albedo values of the snow surfaces. These results indicate that the retrieval is in good agreement with the observations. The simplified snow albedo scheme has a higher accuracy and computing efficiency. The uncertainty, however, increases more rapidly with higher snow-depth values, which is discussed in the next section.




5. Discussion


The light within the first few centimeters of the snowpack is effectively diffuse and isotropic owing to multiple scattering [42]; if thick enough, the snowpack can be considered optically infinite. As a result of that, the snow surface albedo was demonstrated to decay exponentially with decreasing snow depth. In addition, the slope’s overall trend follows the parameterization for snow grain size: for a larger snow-grain size, the albedo of the snow cover increases rapidly with an increase in the depth of the snow cover (within 0–20 cm) and appears to become independent of depth when the snow cover is greater than approximately 20 cm, as shown in Figure 6 (top left and right). For a smaller snow-grain size (following the parametrization of this study, the surface temperature is higher), the snow surface albedo and snow depth are relatively closer to a linear fashion, i.e., have high co-variability. As a result, the retrievability is higher in the beginning of the melting season (the snow grain size is higher) compared with the retrieval during the freezing season.



To quantify the snow-depth retrieval performance, the histogram of the differences between the satellite-derived snow depth and buoy snow depth as well as the probability distribution function (PDF) of the snow depth is shown in Figure 7. The differences of the satellite-derived snow depth minus the buoy snow depth that range between 0 and 0.1 m, 0.1 and 0.2 m, 0.2 and 0.3 m and 0.3 and 0.5 m are shown. Overall, the differences are much smaller over thin snowpack than over thick snowpack, which follows the finding that the correlation and the RMSE are generally better over thin snowpack (see Figure 6). Considering the entire snow-depth range, the mean difference is less than 7 cm. For the Delta-Eddington solar radiation model, the differences are smaller than 6 cm when the snow depth is lower than 30 cm; the differences are greater than 19 cm when the snow-depth values are higher than 30 cm. Comparing the buoy snow depths and the satellite-derived snow depths based on the Delta-Eddington solar radiation model and the simplified snow albedo scheme, we can demonstrate that the simplified snow albedo scheme retrieval performs better. The mean difference of the buoy snow depth minus the satellite-imagery snow depth based on the simplified snow albedo scheme is 4.1 cm when using the regression coefficients derived in this study and 11 cm when using the Delta-Eddington solar radiation model; that is, the simplified snow albedo scheme retrieval has a smaller bias. However, the differences spread widely for thick snowpack, whereas only 15% of the snow depths are over 0.4 cm. When employing the Delta-Eddington solar radiation model, the accuracy of snow-depth retrieval from S-2 data is 10% higher than that from MODIS data. In the case of the simplified snow albedo scheme, the S-2 data yield a snow-depth accuracy that is 12% higher than that of the MODIS data. This highlights that higher-resolution data produce more precise measurements of snow depth.



As shown in Figure 8a, only 3% of the buoy-derived measurements of snow depth are higher than 0.5 m. Because of the absence of very thick snow (>0.5 m) during the early summer season, this comparison can be regarded as a preliminary assessment of the potential uncertainties of the proposed method. Figure 8a also demonstrates that optical satellites can be used for snow-depth retrieval lower than 0.5 m, i.e., during the early summer season. Thus, considering our comparison with the buoy data, we conclude that the new, simplified snow albedo scheme shows reasonable results for regional retrieval for melting snowpack using S-2 and MODIS data.



The snow-depth retrieval method was developed assuming that the sea ice underneath the snowpack is optically infinite; over thin sea ice, the accuracy of the method is limited. Figure 8b shows the probability thickness of the sea ice which is covered by snow when using all available buoy data, highlighting that only 3% of the buoy-derived ice thickness is below 1 m. The major reason for the absence of snowpack over thin ice is that the higher thermal conductivity of thin ice accelerates summer snowpack melting; another reason is that buoys tend to be ported on thick ice, and there are not many thin-ice samples. Taking these results into account, additional evaluation of snow-depth retrieval over thin ice is needed. We, therefore, recommend that the application of the optical-based snow-depth retrieval be limited to cases of thick ice (thickness >1 m) and thin snow depth < 0.5 m.




6. Conclusions


In this study, we introduce an algorithm for retrieving the snow depth of Arctic sea ice using S-2 and MODIS data, and a continuous estimate of snow depth is provided that considers the snow grain size–snow surface temperature interaction. We compared the new algorithm, a simplified snow-depth albedo scheme, with the Delta-Eddington solar radiation model. The modeled parameters are tuned to observational data [43], and the snow depth was inversed from the model simulation results using a lookup-table-based method. The results of the simulation show that temperature plays a dominant role in the uncertainty of the retrieved snow albedo, while the solar zenith and underneath ice thickness play a minor role in terms of albedo variation, especially for thicker snowpacks.



An assessment of the retrieved snow depth against IMB and SIMBA buoy measurements shows good results, especially for thin snowpack. For the simplified snow albedo scheme, a mean difference of 4.1 cm between the satellite-retrieval and buoy measurements was found, with 93% of the differences being smaller than 5 cm (with the observed snow depth being less than 40 cm) (Figure 7). For comparison, using the Delta-Eddington solar radiation model, about 55% of the differences are below 5 cm, and thicker snowpack has a larger bias.



In contrast to retrievals based on radar altimetry, the influence of melt ponds and leads in the new approach is less pronounced. Moreover, sea-ice thickness products based on radar data have turned out to be useful only in the winter/early spring period because of the potential complexity of surface melting and the lack of snow data available during late spring and summer. To extend these estimates to the early summer season, we applied a surface classification procedure to optical satellite imagery and introduced an approach to derive snow depth from optical satellite imagery using a simplified solar radiation transfer model. This approach can be applied to optical satellite imagery acquired under clear-sky conditions and can serve as an addition to overcome the limitations of the existing methods [44,45,46,47].



Besides the improved performance, there are several disadvantages of using the snow surface albedo for snow-depth retrieval from optical satellite measurements. Measurements using VIS/IR are less influenced by surface melt but show a lower penetration depth, resulting in a bad performance for snow depths larger than 0.5 m. Cloud coverage limits the application of optical satellites in the freezing season of polar regions, and there is essentially no snow in late summer, so the method should only be used for early summer snow-depth retrieval. The additional surface melting and leads information provided by the optical satellite retrieval could be helpful for possible snow-depth measurements based on altimetry. The typical resolution of ICESat-2 is 70 m, and CryoSat-2 has a resolution of 300 m, which is comparable to the resolution of optical satellite imagery such as that from the S-2 and MODIS. Furthermore, the proposed snow-depth retrieval may be further incorporated in the combined retrieval with active–passive microwave remote sensing data to extend snow-depth and ice-thickness estimates across all seasons.
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Figure 1. Flow chart of the proposed inversion method. 
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Figure 2. Conceptual scheme of surface-albedo–cloud interaction. 
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Figure 3. Data match between buoy observations and S-2 data provided on the 10 m resolution grid (shown with rectangular cells). IMB data within a grid cell are considered to contribute equally to the value of the grid cell (outlined in thick black). 
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Figure 4. Bias of the snow surface albedo (contour) caused by the change from cloudy to overcast sky as a function of snow depth (horizontal axis), ice thickness (vertical axis), ice surface temperature (t) and solar zenith (z). 
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Figure 5. The uncertainty of the simulated snow albedo computed using biased standard deviation estimation with respect to the mean values of snow surface temperature, solar zenith and ice thickness. 
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Figure 6. Top left: the change in snow albedo with respect to snow depth and different grain sizes, simulated with Delta-Eddington solar radiation transfer model; top right: the change in snow albedo with respect to snow depth and different grain sizes, simulated with observation-fitted simplified albedo scheme; bottom left: comparison of the Delta-Eddington estimation snow depth and in situ observation; bottom right: comparison of the simplified albedo scheme estimation snow depth and in situ observation. 
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Figure 7. The histogram of the differences of satellite-derived snow depth minus buoy-derived snow depth and the PDF of snow depth; the blue bar indicates differences of the Delta-Eddington, the yellow bar is the simplified albedo scheme and the black line is the PDF of the buoy-observed snow depth. 
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Figure 8. (a) PDF of the buoy-observed snow depth; (b) PDF of the buoy-observed ice thickness. 
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Table 1. Coefficients for narrowband to broadband conversions over snow/ice surfaces.
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	Coefficients
	     c 0     
	     c 1     
	     c 2     
	     c 3     
	     c 4     
	     c 5     
	     c 6     
	     c 7     





	The wavelength range of MODIS bands (  μ m  )
	(Offset)
	(0.62–0.67)
	(0.84–0.87)
	(0.46–0.48)
	(0.54–0.56)
	(1.23–1.25)
	(1.63–1.65)
	(2.11–2.15)



	Snow/ice
	−0.0093
	0.1574
	0.2789
	0.3829
	0.0000
	0.1131
	0.0000
	0.0694



	The central wavelength of Sentinel-2 bands (  μ m  )
	(Offset)
	0.490
	0.560
	0.665
	0.842
	0.865
	1.610
	2.190



	Snow/ice
	−0.0018
	0.356
	0.0000
	0.130
	0.373
	0.0000
	0.085
	0.072










 





Table 2. Correlation coefficient and RMSE using different methods and sensors.
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	Correlation Coefficient/RMSE
	Modis
	S-2





	Delta-Eddington model
	0.77/0.15
	0.85/0.063



	Simplified snow albedo scheme
	0.81/0.084
	0.91/0.049
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