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Abstract.  16 

Increased surface temperatures (0.7℃ per decade) in the Arctic affects polar ecosystems by reducing the 17 

extent and duration of annual snow cover. Monitoring of these important ecosystems needs detailed 18 

information on snow cover properties at resolutions (< 100 m) that influence ecological habitats and 19 

permafrost thaw.  A machine learning method using topographic parameters with the Random Forest (RF) 20 

algorithm previously developed in alpine environments was applied over an arctic landscape for the first 21 

time. The topographic parameters used in the RF algorithm were Topographic Position Index (TPI) and 22 

up-wind slope index (Sx), which were estimated from the freely available Arctic DEM at 2 m resolution. 23 

Addition of an ecotype parameter (proxy for vegetation height) showed minimal predictive improvement. 24 

Using RF, snow depth distributions were predicted from topographic parameters with a root mean square 25 

error = 8 cm (23%) (R2 = 0.79) at 10 m resolution for an arctic watershed (1 500 km2) in western Nunavut, 26 

Canada.  27 

 28 
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1 Introduction 29 

Arctic environments are experiencing warmer air temperatures (Notz and Stroeve, 2016; Richter-Menge 30 

et al., 2017) where the rate of warming over the last 20 years is 2-3 times higher than elsewhere on the 31 

planet (Serreze and Barry, 2011; Cohen et al., 2020). This accelerated warming, also referred as Arctic 32 

amplification, affects surface state variables such as snow and permafrost (Serreze and Barry, 2011; 33 

Bokhorst et al., 2016; Derksen et al., 2019; Meredith et al., 2019) which in turn modifies soil properties, 34 

microbiological activities, and moisture availability for plant communities, all potentially driving shrub 35 

expansion (Marsh et al., 2010; Domine et al., 2016). The arctic shrub expansion in turn induces changes 36 

in snowpack properties (height, density and microstructure) with implications for ground-thermal regime 37 

(Myers-Smith et al., 2020; Royer et al., 2021). Changing snow conditions will also influence foraging 38 

conditions for arctic ungulate species (Bilodeau et al., 2013; Dolant et al., 2018; Gautier et al., 2021) 39 

given the observed densification of the snowpack arising from an increased occurrence of winter extreme 40 

events such as rain-on-snow and winter storms (Dolant et al., 2016; Langlois et al., 2017). 41 

 42 

The influence of snow cover on tundra ecosystems is strong and influences soil moisture, habitat 43 

suitability (McLennan et al., 2018) and protection from desiccating winter winds and freezing 44 

temperatures (Sturm et al., 2001). Furthermore, the low thermal conductivity of snow insulates ground 45 

surface temperature to modify freeze-thaw cycles, deepen the active layer and alter soil moisture and 46 

growing conditions for vegetation (Myers-Smith et al., 2011). To better quantify and predict the upcoming 47 

changes governed by all these processes, detailed and spatially explicit information on snow conditions 48 

is needed (Ponomarenko et al., 2019; Levasseur et al., 2021)and yet high resolution products for snow 49 

are not widely available for the Arctic. Snow cover properties are influenced by vegetation, soil moisture, 50 

temperature gradient and strong wind (Essery and Pomeroy, 2004; Davesne et al., 2021). In turn, these 51 

snow properties (density, microstructure and thermal conductivity) govern heat exchange between the 52 

atmosphere and the soil (Royer et al., 2021). Consequently, snow cover is crucial in our understanding of 53 

local processes in permafrost, hydrology and ecosystem modelling. 54 

 55 
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Previous studies have measured snow depth distribution in the Arctic (Liston and Sturm, 1998; Sturm et 56 

al., 2008; Sturm and Wagner, 2010) and improved our empirical understanding of the processes governing 57 

the spatial variability of snow properties. Two dominant snow processes controlling snow depth in arctic 58 

regions are wind redistribution (Parr et al., 2020) and vegetation trapping (Sturm et al., 2001; Domine et 59 

al., 2016; Busseau et al., 2017). Vegetation increases ground surface roughness and reduces wind speed 60 

to facilitate accumulation of snow, while topography and wind create accumulation and erosion zones 61 

depending on wind direction and speed, slope and micro-topography (Winstral et al., 2013). Although 62 

these processes are conceptually well understood, simulation of snow redistribution at meter scales 63 

remains challenging. Statistical modelling of snow depth using linear regression with terrain parameters 64 

as predictors has been developed in alpine regions (Grünewald et al., 2013; Pulwicki et al., 2018) and 65 

proven to be a simple and effective method estimating snow depth. However, the high degree of 66 

correlation between topographic parameters restricts the prediction capabilities when using a linear 67 

regression approach. Revuelto et al. (2020) used machine learning to predict snow depth at 1m resolution 68 

in an alpine area using the Random Forest algorithm, with terrain parameters as predictors. The method 69 

showed good performance on model validation (𝑅2= 0.82-0.94). Random Forest works well with 70 

nonlinear relationships and interaction among predictors (Kibtia et al., 2020). 71 

 72 

The main objective of this paper is to predict spatially distributed snow depth at high resolution (10 m) 73 

by testing the RF methodology of Revuelto et al. (2020) for arctic environments using the Arctic DEM 74 

available for the entire pan arctic. Since vegetation plays a key role in arctic snow redistribution, 75 

ecosystem type was evaluated as a feature using an ecotype map (Ponomarenko et al., 2019) to incorporate 76 

a proxy for vegetation height (snow trapping). First, snow-vegetation interactions were evaluated by 77 

comparing snow depth measurements from 2015-2019 within ecotypes. Second, the influence of 78 

topography and vegetation governing snow depth distribution in the Arctic was evaluated. Finally, snow 79 

depth predictions using RF at 10 m resolution were evaluated. 80 
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2. Method 81 

2.1. Study site and ecosystems 82 

The Greiner Lake watershed (69°13’ N, 104°53’ W) is located on eastern Victoria Island in western 83 

Nunavut, Canada, and is adjacent to the community of Cambridge Bay (CB). The calcareous, low relief 84 

landscape is characterized by dwarf shrub tundra on well drained upland areas, with productive sedge 85 

fens in depressions. A predominately northwest wind direction was measured by meteorological station 86 

data from Environment and Climate Change Canada (Station ID: CB-53512) at the Cambridge Bay airport 87 

located about 10 km to the south. A high resolution (10 m) ecosystem map of the study site, shown in 88 

Figure 1 (Ponomarenko et al., 2019), contains 17 ecosite types, which were identified using an 89 

unsupervised classification of Sentinel-2 multi-spectral imagery to delineate ecosystem units. Ecosystem 90 

units were verified and classified based on a standardized ecosystem classification unit (McLennan et al., 91 

2018). The ecosystem classification, based on the Canadian Arctic-Subarctic Biogeoclimatic Ecosystem 92 

Classification (CASBEC), assesses plant community, soil moisture and nutrient regimes using a 93 

standardized approach organized by soil moisture and nutrient characteristics, and incorporates key 94 

abiotic processes of each ecosystem unit (McLennan et al., 2018). Soil moisture regimes used in Figure 95 

2 were associated to ecotypes based on CASBEC. The map from Ponomarenko et al. (2019) was used to 96 

incorporate ecotype information as a proxy for vegetation height. The area is characterized by tussock 97 

sedge, dwarf-shrub, moss and graminoid tundra (Figure 1), based on the Circumpolar Arctic Vegetation 98 

Map (CAVM) project (Raynolds et al., 2019). The snowpack corresponds to arctic tundra type (Royer et 99 

al., 2021) with an average depth between 30-40 cm, a basal layer of depth hoar and wind slab on top. The 100 

study site well represents arctic tundra processes, some areas of thicker vegetation for sub-arctic processes 101 

and some drier areas for polar desert. 102 

  103 
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 104 

Figure 1: Study site of the Greiner watershed, Victoria Island, Nunavut with ecomap from Ponomarenko 105 

et al. (2019). Snow depth data (circular and linear transect) selected randomly across the entire dataset for 106 

training and validation. Grid of WGS84 lat/long is shown. 107 

 108 

 109 

2.2. Data 110 

2.2.1. Snow depth measurements 111 

Geolocated snow depth measurements (Table 1) were made using a magnaprobe (Sturm and Holmgren, 112 

2018), which is equipped with a standard GPS unit (accuracy 2.5 m). The snow depth accuracy is assumed 113 

to be 5 cm for this study because of soft vegetation; it can vary from 0 to > 5 cm depending on the substrate 114 

(Sturm and Holmgren, 2018). The device was used to conduct spatial surveys from linear and circular 115 
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transects (Figure 1), made near maximum annual snow accumulation. Circular transects of at least 30 116 

snow depth measurements (approximately 30 - 50 m in diameter) provide spatially representative values. 117 

Linear snow depth transects between circular transects were added when possible. All ecotypes contained 118 

at least n > 225, and the number of samples per ecotype was a representation of the spatial extent in the 119 

field. Most of the dominant ecotypes (Mountain Avens, Sedge fen and Shrub) had n ≈ 2000 - 3000 120 

samples. Each year, a different region of the Greiner watershed was measured to build up an overall 121 

assessment of spatial variability of snow depth because the interannual spatial pattern within a tundra 122 

watershed is consistent (Sturm and Wagner, 2010; Ménard et al., 2014; Marsh et al., 2020) 123 

 124 

Table 1: Summary of magnaprobe snow depth survey near maximum annual snow accumulation used for 125 

training the RF algorithm. The mean (𝝁𝒔𝒅) and standard deviation (𝝈𝒔𝒅) of snow depth (m) from each year 126 

are presented. Temperature of accumulation period is from October to January and ablation period from 127 

May to July. NA indicates that at least one month of temperature data was unavailable. 128 

     

Accumulation period 

temperature (°C) 

Ablation period temperature 

(°C) 

Year 

Date of 

measurement Points 𝝁𝒔𝒅 𝝈𝒔𝒅 max min mean max min mean 

2019 May 8 981 0.34 0.18 -7.5 -35.5 -23.1 11.7 -12.3 1 

2018 04-May 577 0.27 0.16 -7.8 -30.9 -21.3 NA NA NA 

2017 May 1-14, 3407 0.41 0.15 NA NA NA 13.2 -9.9 2.6 

2016 April 2-10, 2916 0.34 0.18 -7.1 -31.7 -21.3 14.4 -9.6 3 

2015 April 12-24, 9602 0.42 0.17 -6.4 -34 -22.1 12.7 -11.2 1.9 

Total  17 483 0.35 0.17       

 129 

 130 

2.2.2 Random Forest (RF) algorithm 131 

The Random Forest (RF) regressor algorithm builds a collection of decision trees and outputs the 132 

arithmetic average of each tree’s prediction. Each tree is trained on a random subsample of the overall 133 

training set and with a random subsample of the predictors drawn among: Sx, TPI, ecotype, yearly mean 134 

snow depth and slope angle. As a result, RF can be trained with correlated variables, even though 135 

correlation can lower the importance of one of the predictors (Strobl et al., 2008). The data set was first 136 

divided into 50% training and 50% validation to evaluate RF performance, and then evaluated over the 137 
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range of 10% to 90% of the data dedicated to training the model. The algorithm is trained with snow depth 138 

and corresponding predictors (continuous or discrete values) to make prediction based on weighted 139 

decision trees ensemble. Each snow depth measurement was associated with corresponding topographic 140 

parameters and ecotype using a spatial buffer of 10 m. For the final raster-based prediction, each raster of 141 

predictor had the same spatial extent and pixel size. Snow depth prediction was done by applying the RF 142 

algorithm pixel by pixel across the area. The spatial predictors and snow depth output can be represented 143 

as a data cube and a single snow depth prediction with all predictors within a column. RF was chosen 144 

over Support Vector Machine (SVM) and Neural Network (NN) because it performs well with correlated 145 

variables and automatically control nonlinear relationship and interaction among predictor (Kibtia et al., 146 

2020). 147 

 148 

RF expresses how predictions are made based on feature importance, which ranges from 0 to 1 (Strobl et 149 

al., 2007). There are two main algorithms for computing feature importance: Gini importance and 150 

permutation importance. Gini importance estimates feature importance based on the impurity reduction 151 

and the Gini gain splitting criterion (Strobl et al., 2007). The permutation method randomly permutates a 152 

feature (predictor) which has the same overall effect of removing a feature to evaluate the performance 153 

without the feature (Strobl et al., 2008). Both methods have a reported bias with correlated variables.  154 

Two variables will split their importance with each other so that one of the variables will have a lower 155 

feature importance. The Gini importance performs better with correlated variables but has issues with 156 

variation in number of categories of the feature (Revuelto et al., 2020; Strobl et al., 2008, 2007). Since 157 

we have both categorical variables and correlated variables, the permutation method was used in this 158 

paper because it is the most advanced way of estimating the importance (Strobl et al., 2007). However, 159 

we noticed little difference between both methods with our data. 160 

 161 

 162 

 163 

2.2.3. Predictors for snow depth 164 
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To obtain predictors (features) for the RF algorithm, topographic variables were derived from the 165 

ArcticDEM, which is a digital surface model with a 2 m-resolution (Porter et al., 2021) created from 166 

stereo high-resolution optical imagery over the entire arctic domain. Using ArcticDEM, standard 167 

parameters such as elevation and slope were extracted for the feature analysis. Additional parameters 168 

were also calculated and include: 1) the Topographic Position Index (TPI) (Weiss, 2000) to evaluate pixel 169 

elevation with respect to surrounding pixels within a defined radius, and 2) the up-wind slope index (Sx) 170 

(Winstral et al., 2002) to estimate the predisposition of a pixel to erosion or accumulation of snow 171 

depending on wind direction and slope. TPI accounts for wind redistribution over flat areas, and Sx for 172 

steeper areas (alpine regime). A TPI using a 150 m radius was used to analyze local effects, and a second 173 

TPI at 5 km was used to compensate for large elevational differences, and to act as a normalized elevation 174 

across the watershed. 𝑆𝑥 was used with a radius of 100 m and a direction of 315° (dominant wind). In 175 

their study, Revuelto et al., (2020) used the snow depth measured at a local weather station to account for 176 

temporal variation of the mean, thereby linking mean snow depths at the point scale to the spatial 177 

distribution of snow depth across an alpine area. We applied a similar idea by adding the mean of the 178 

corresponding survey (Table 1) as a feature to each point i.e., all points collected in 2015 labeled with the 179 

fixed mean of 2015, repeated yearly. To account for vegetation interaction in RF, ecotypes from Figure 1 180 

were used as another feature. 181 

 182 

 183 

3. Results 184 

3.1. Ecotypes and snow depth  185 

In Figure 2, the average snow depth for each ecotype was correlated with the soil moisture regime from 186 

the edatopic grid presented in Figure 3 of McLennan et al. (2018) comparing snow cover and soil moisture 187 

regimes used in the CASBEC classification. Vegetated ecotypes with taller vegetation (30 cm height - 188 

Sedge Fen and Shrub-Sedge-Mountain avens) were correlated with higher snow depth averages given the 189 

trapping effect (Domine et al., 2016) and which may also reduce sublimation (Liston et al., 2002). Hygric 190 
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and hydric soil moisture regimes, associated with higher vegetation and moisture had deeper snow depths 191 

than the mean.  192 

 193 

 194 

Figure 2: Mean and standard deviation of snow depth with principal ecotypes (Ponomarenko et al. 2019), 195 

vegetation height and soil moisture regime. The overall average (across all classes) snow depth is shown by 196 

the black dotted line. Vegetation height was estimated based on the type of vegetation in the ecotype. Soil 197 

moisture regime is based on the CASBEC classification (McLennan et al. 2018). 198 

 199 

Mean snow depth in each ecotype was evaluated using a one-way Analysis of Variance (ANOVA) test 200 

which estimated that at least one of the ecotypes mean snow depth is significantly different than others 201 

(p-value < 0.05). Furthermore, a pairwise Tukey test highlighted which ecotypes were different from one 202 

another where ecotypes with similar means caused rejection of the null hypothesis. The null hypothesis 203 

states that snow depth means are significantly different. Results suggest that most ecotypes pairs (32 of 204 

36) had significantly different means and both statistical tests indicated correlations between ecotypes 205 

and snow depth. The wide range of observations for each ecotype are probably the result of 206 

misclassification errors where the 10m resolution of the mapping will often incorporate more than one 207 

ecotype. 208 

 209 
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3.2. RF algorithm evaluation 210 

The RF algorithm predicted snow depth with an RMSE of 8 cm (23%) and an absolute error of 6 cm 211 

(Figure 3). Both the explained variance and 𝑅2 score were 0.79 yielding high accuracies, similar to what 212 

was found by Revuelto et al. (2020). Figure 3(b) suggests that the model performs well over a wide range 213 

of Arctic snow depths given that residuals are uniformly scattered over the depth range of 0 – 0.8 m. 214 

Figure 3(c) shows that good precision (𝑅2 > 0.7) and accuracy RMSE < 10 cm are reached even with a 215 

low percentage (10%) training sample. 216 

  217 

 218 

Figure 3: a) Measured and modelled snow depth from RF predictions. b) Residuals with measured 219 

values from the RF prediction. 220 

 221 

Using the RF algorithm with snow depths and features defined above, variables derived from permutation 222 

importance for RF prediction can be estimated. The most important features for snow depth prediction 223 

(Figure 4 a) were wind-topographic parameters (TPI, Sx). As the Greiner watershed has a relatively low 224 

relief environment, TPI (150m) was the most significant variable for prediction. The annual mean snow 225 

depth had a high importance (0.3) since precipitation amount differed from year to year.  226 

 227 
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 228 

Figure 4: a) Feature importance in RF snow depth prediction and b) Correlation matrix between features 229 

calculated with the Pearson coefficient. “Year mean” corresponds to the mean winter snow depth. 230 

 231 

Both TPI (150m and 5km) variables have an important positive correlation (0.3) with each other (Figure 232 

4 b). Also, slope and Sx also had an expected positive correlation (0.3) given that Sx is a directional up-233 

wind slope index. Even if RF performs well with correlated variables, two correlated variables will split 234 

their importance with each other so that one of the variables will have a lower feature importance. 235 

Consequently, ecotype is well correlated with all topographic parameters (section 3.1 and > 0.3, Figure 4 236 

b) and explains why a low feature importance was found. Annual mean had little correlation (≈ 0, Figure 237 

4 b) with other parameters. 238 

 239 

Ecotypes were removed from the predicting variables, which accounted for a reduction of 0.01 in R2 and 240 

0.2 cm in RMSE. Ecotypes were found to have a small weight in feature importance of the RF algorithm 241 

compared to topographic parameters because they were correlated with each other (Figure 4). 242 

Topographic information (Sx and TPI) from the Arctic DEM can then predict snow depth alone. Since 243 

TPI and ecotype were highly correlated, the influence of ecotype on prediction was minimal. In Figure 5, 244 

predictions were tested by removing both TPI parameters. The performance was reduced to R2 = 0.65 and 245 
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RMSE = 10 cm but the ecotype variable becomes much more important in the prediction (from 0.1 to 246 

0.7). 247 

 248 

 249 

Figure 5: Feature importance of prediction without the variable TPI. The RMSE of snow depth is 10 cm. 250 

 251 

3.3. Spatial prediction of snow depth across Greiner Watershed 252 

Snow depth was predicted for the entire watershed. Water pixels were masked out since the RF algorithm 253 

was trained on land only using topographic variables and ecotypes. The predicted snow depth raster was 254 

generated pixel by pixel using the RF algorithm (no interpolation applied to final raster). Rasters of each 255 

predictor variable with the same spatial extent and resolution (10 m) were needed so the output can be 256 

predicted for each pixel. The influence of the directional Sx parameter at 315° (northwest wind) is clearly 257 

visible on the southeast aspect (Figure 6), where a snow depth > 0.75 m was predicted. Snow depth 258 

patterns appear highly dependent on local topography measured by TPI at 150 m according to local 259 

valleys and ridges. 260 

 261 
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 262 

 263 

Figure 6: Snow depth prediction using the main variables of the RF algorithm (Sx, TPI and ecotype). Only 264 

a small subset of ecotypes is shown in the legend although all ecotypes (see Figure 1) are displayed on the 265 

map and were used in the prediction. 266 

 267 

4. Discussion and Conclusion 268 

This study demonstrates the applicability of RF to provide snow predictions using a high-resolution 269 

ecosystem map and topographic information. The RF prediction had high accuracy (RMSE = 8 cm, R2 = 270 

0.79) and was useful to learn more about tundra snow distribution processes. The algorithm showed that 271 

topographic parameters such as TPI at 150 m and Sx (R =100 m and Wind = N-W) were the dominant 272 

features in the prediction, which was also suggested by Revuelto et al. (2020). The mean snow depth per 273 
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year was used to normalize each year and allow the algorithm to be used for future predictions in the 274 

watershed with a mean depth fixed by a weather station or a physical snow model like SNOWPACK 275 

(Bartelt and Lehning, 2002). Spatial variation in feature importance across the watershed was not 276 

evaluated but we expect features to be uniform since processes for tundra environment will still be mostly 277 

represented by TPI (Wainwright et al., 2017; Davesne et al., 2021) and the Sx parameter with a potential 278 

small change in wind direction or search radius. Due to a lack of data, the algorithm could not be evaluated 279 

on an independent dataset in the area. The trained algorithm presented in this article should not be used 280 

outside the Greiner watershed since it is sensitive to trained data and cannot be used outside the range of 281 

response variables (Revuelto et al., 2020). Deep NN could help make the prediction more general but 282 

would requires an intensive training dataset. Future work could involve training the algorithm on multiple 283 

Arctic sites by incorporating community-based science of snow depth measurements as well as large scale 284 

snow depth maps from RPAS or airborne observations (Nolan et al., 2015; Walker et al., 2020). 285 

 286 

The strong correlation with small scale topography (TPI) (10 – 1000 m) and snow depth in flat areas of 287 

the Arctic was known (Wainwright et al., 2017; Davesne et al., 2021). This parameter located landscape 288 

depressions favorable for snow accumulation without any wind direction which is particularly relevant 289 

for flat areas where only wind speed and surface roughness affect transported snow (Liston and Sturm, 290 

1998). The Sx parameter also had a high importance, this parameter was designed for sloping areas 291 

(Winstral et al., 2002) where wind direction creates favorable conditions for up wind transport depending 292 

on slope and aspect. Snow accumulation on south-eastern aspects was common in the modeled area 293 

confirming the use of Sx at 315°, due to the usual northwest wind from winter storms. Topographic 294 

variables (𝑇𝑃𝐼150𝑚, 𝑇𝑃𝐼5𝑘𝑚 and slope) used in RF were correlated (> 0.3) with ecotypes (Figure 4 b) and 295 

soil moisture since more productive ecotypes adapted to higher moisture regimes were located in valleys, 296 

ephemeral ponds and shallow water. Drier ecosystems were mostly located on ridges (Ponomarenko et 297 

al., 2019).  298 

 299 

It was found (Figure 2) that the soil moisture regime was linked to snow depth because depth was 300 

significantly deeper for ecotypes in hygric and hydric soil moisture regimes. This relationship has 301 
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hydrological implications; snow melt and water will accumulate at the surface because soil with high 302 

moisture content reduces infiltration due to frozen ice in the ground (Granger et al., 1984). This relates to 303 

the basal layer of the arctic snowpack (depth hoar) since soil moisture has been shown to promote depth 304 

hoar formation (Davesne et al., 2021). 305 

 306 

 Additionally, based on a one-way ANOVA and Tukey pairwise test, most of the ecotypes showed 307 

significantly different mean snow depths indicating that ecotypes were correlated with snow depth. 308 

Vegetation trapping from ecotypes with taller vegetation was reflected in deeper snow depths (Figure 2), 309 

similar to other arctic regions (Sturm et al., 2001; Domine et al., 2016; Royer et al., 2021). The importance 310 

of ecotype was reduced due to the correlation between vegetation and topography. Removing TPI 311 

parameters made ecotype relevant in the prediction. Vegetation buried by the weight of snow (Ménard et 312 

al., 2014) will reduce the capacity for redistributed snow to accumulate in these areas and may 313 

additionally reduce the impact of vegetation on snow redistribution from early winter. It is important to 314 

distinguish the snow trapping effects of taller vegetation (Sturm et al., 2001; Marsh et al., 2010) from site 315 

soil moisture regime that is linked to the topographic parameter at a local scale. Water provided by spring 316 

snowmelt can be the main runoff event of the year (Marsh and Pomeroy, 1996; Pohl and Marsh, 2006).  317 

 318 

The main result from this study is that topographic parameters, Sx and TPI, have a strong correlation with 319 

snow depth, which can be applied to other models or studies where snow depth is needed. One example 320 

could be predicting the coefficient of variation of snow depth for climate modelling (Nitta et al., 2014) or 321 

microwave remote sensing of SWE (Meloche et al., 2022). One disadvantage of a RF model such as 322 

presented in this study is that training data can be restrictive and rely on empirical relations. Machine 323 

learning models will never replace generalist-physical models, but they can effectively map the 324 

computation in parameter space (topography) of certain effects (in this case snow accumulation) and 325 

could be used to replicate patterns at a certain scale. One possible avenue to make the RF model more 326 

general is to use remote sensing products, such as Sentinel-1 in order to incorporate C band data at 10 m 327 

resolution as another feature in the RF modelling. Microwave active sensors with similar resolution (C or 328 

X band) are sensitive to vegetation (Duguay et al., 2015) and snow depth (Lievens et al., 2022). 329 
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 330 

Snow depth was predicted at 10 m resolution for the entire Greiner watershed using the freely available 331 

Arctic DEM. This method fulfilled part of the need for high resolution snow depth information and can 332 

be repeated easily with magnaprobe data or potentially Remotely Piloted Aircraft System (RPAS) snow 333 

depth cartography. The snow depth prediction in section 3.3 can be useful for other applications such as 334 

permafrost modelling in Cambridge Bay, which requires the high resolution (less than 100m) spatial 335 

information on snow depth that this map can provide. The algorithm can be trained and applied to other 336 

areas that require snow depth input at high resolution. SWE products at these larger scales are already 337 

benefiting from machine learning approaches (Xue and Forman, 2015; Bair et al., 2018; Xiao et al., 2018) 338 

to predict snow over the same area, and this method can do the same using the Arctic DEM anywhere in 339 

the Arctic. The RF method provides important insight on snow processes and snow-ecosystem 340 

interactions (trapping and metamorphism) and showed useful results that can provide the snow 341 

information necessary to conduct studies in related fields in the Arctic like permafrost, hydrology, or 342 

ecosystem modelling. 343 

 344 

 345 
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