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Snow depth is highly variable in wind-dominant mountain environments. The variation is especially high at local 

scales from horizontal distances less than 10 meters, up to a few hundred meters. Winter maximum snow depth 

influences the ground temperatures and the beginning of the growing season. Statistical modelling provides a 

feasible and cost-effective method for the analysis and prediction of local-scale snow depth variations. The 

focus of this study is to analyse the spatial variability of near-maximum snow depth at local scale. Moreover, a 

statistical model for estimating the near-maximum snow depth distribution is provided.  

The study area in Northern Norway, Tana municipality, is characterized with a mountain landscape. The 

elevation range of the area is 500 m and the study sites are located on the slopes of the Rásttigáisá and 

Geaidnogáisá mountains. The lowest parts consist of mountain birch forest and most of the area does not have 

vegetation above the snow surface.  

Snow depth observations were collected in mid-April 2015 in a one-week measurement campaign. Modelling 

was conducted with Generalized Additive Model (GAM) using GIS-based terrain and vegetation surrogates. An 

additional model was built adding summertime terrain observations collected from the field. GIS-based upwind 

exposure (Sx) to westerly winds and field-based curvature measure were the most important explanatory 

variables in the analyses. Also GIS-based plan curvature was a contributing factor to the models but field-based 

curvature was shown to be a better topographical measure. The impact of vegetation was only visible in the 

mountain birch forests which had relatively even snow depth. In open areas above the forest, snow depth was 

highly variable. Elevation and radiation, which have been commonly used in mountain snow depth models, did 

not indicate any impact in this study area. 

The interaction of wind and topography defines the winter maximum snow depth in the study area. Terrain 

sheltering from westerly winds and concave topography show increases in snow depth. Because wind is a 

directional phenomenon, including directional variable improves the accuracy of the models. In the computation 

of Sx, a constant wind sector was used for the whole study area, even though a detailed wind model could 

improve the reliability of the snow model.  

The GAMs calibrated in this study approximate the near-average snow depth quite well. Most of the sites with 

shallow or thick snow cover could not be predicted with the resolution, sample size and variables used in this 

research.  
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1. Introduction  

Temporal snow cover influences the climate and ecosystems both locally and globally via energy 

and water cycles (Berry 1981: 49-57; Groisman & Davies 2001: 18 – 27; Pomeroy & Brun 2001: 

45 – 47). Snow pack stores and releases energy in annual and diurnal cycles of the water 

molecule state change. The snow cover acts as a radiation shield, reflecting most of the short-

wave radiation and diminishing the solar energy absorbed by the ground. Being porous matter, 

snow acts as an insulator, protecting undercover system from winter temperatures. Insulation 

properties depend on snow depth, but also on density and liquid water content of snow. Snow 

insulation has impact to permafrost, ground temperatures and active layer thickness, which 

relate to carbon cycle and Arctic system in general. Snow acts also as a transport medium for 

atmosphere aerosols in flakes and in melt water processes and provides a fresh water reservoir. 

Example of snow cover’s global influence is Eurasian snow cover linkage to Indian monsoon. 

Monsoon formation requires certain temperature difference between the sea and the 

continent. If the continent is cooler in the spring, because above-normal snow cover, monsoon 

is delayed or weakened (Callaghan et al. 2011: 17). 

There is also high economical interest in snow cover. It is important source for drinking 

and irrigating water, provides water for hydropower and potentially causes hazards, like floods 

and avalanches. Mountain snow cover has been serving as a trusted source of fresh water. One 

sixth of the global population depends on mountain snow as drinking water source. Because of 

the global warming in last 50 years with decreased snow amounts, decreased snow cover 

duration and ever decreasing forecasts, the interest in monitoring the snow is growing 

(Stepphun 1981: 60 – 70; McClung & Schaerer 2006: 15 – 20; Schirmer et al 2011: 1; Saloranta 

2014: 6; Buckingham et al. 2015; 311 – 312). 

In large scale, the amount of snow precipitation and accumulation depends on latitude, 

elevation and air mass movements (McKay & Gray 1981:153-155, Pomeroy & Brun 2001: 49 – 

53). Latitude and elevation have impact on temperature, whether precipitation is snow or rain. 

Proximity of the sea may increase air humidity increasing precipitation. Large scale obstacles 

like mountain ranges have impact on air mass movements, raising of humid air causes 

orographic precipitation. Winds, solar radiation and their interactions with topography and 

vegetation become more important in local scale. Wind erosion, transport and sublimation 

change the snow distribution according to the local circumstances. According to Sturm et al.'s 
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(1995 in Groisman & Davies 2001: 17-18) snow cover classification, mountain snow cover has 

high local-scale variability due to wind dominance, it is also thicker than snow in nearby 

lowlands. 

Snow amount is typically described with columnar measures: snow depth or snow water 

equivalent (SWE). SWE is a product of snow depth and density, it measures how deep the water 

column would be if the column of snow would be melted. Sometimes the snow depth can be 

used as surrogate for SWE. Snow depth has very high variability compared to density at the 

same moment in small area especially in mountain environments. SWE changes more in time 

than in space, e.g. spring snow is typically denser than midwinter snow (Winstral et al 2002, 

Sturm et al., 2010, Groisman & Davies 2001: 4 – 6; López-Moreno et al., 2010; Sexstone & 

Fassnacht 2014: 329 – 332; Buckingham et al. 2015: 311 – 312). 

Amount and distribution of the mountain snow is often modelled because of high variety, 

expenses of measuring and lack of ready small scale snow products. Regular weather and snow 

observations are typically available only near roads and villages from easy terrain, not in the 

mountains. Different snow models exist for various purposes. Some models are done once 

while others are updated frequently. Also level on detail is varying. For instance, avalanche 

forecasters need information on the snowpack layers, distribution on the new snow or liquid 

water content in very detailed level, while hydrologists might only be interested in the runoff 

or melt rate (McClung & Schaerer 2006: 166 - 213, Grünewald et al. 2013: 3005 – 3006; 

Buckingham et al 2015: 313; Magnusson et al. 2015: 2721 - 2722). The goal of this study is to 

examine the processes influencing the spatial variation of the snow depth. Research questions 

are: 

1. Which processes explain the near-maximum snow depth variation in the study area? 

2. How the near-maximum snow depth is distributed in the study area? 
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The study area is located in the Northern Norway, it’s characterized with mountain landscape. 

Questions are answered by means of statistical modelling with terrain parameters. Two 

approaches are compared: model built with terrain parameters extracted from open data and 

model enrichened with terrain parameters collected from field in summertime. Model does 

not have temporal aspect, it’s done once. Results will improve understanding of snow-related 

geomorphological processes in the study area, for example ground frost.  

2. Local scale processes impacting the snow depth in the 
mountain environments  

Simplified conceptual model of snow depth variation consists of the initial amount of snow 

precipitation and processes that change the original location, dimensions or a phase of a snow 

flake (Figure 1). Wind and topography interaction changes the the snow particle properties by 

erosion, melting, sublimation and accumulation of wind transported snow. Radiation causes 

snowpack settling and melting. Also gravitational processes and temperature impact the snow 

particle properties. Vegetation interacts with abovementioned processes participating the 

changes in the snow particle properties. This chapter presents these processes and discusses 

already the explanatory variables used in snow modelling research before the methods are 

explained in chapter 3. 

 

FFigure 1. Conceptual model of main interactions impacting the snow depth at local scale in mountain 

environments.  
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2.1 Precipitation 

In the large scale, snow depth increases with altitude. Temperature decreases with altitude, 

decreasing also snow melting and raising the share of solid state of water in precipitation. Also 

the amount of precipitation increases with elevation. Orographic snowing, when the raising 

topography forces air upwards, is the most important process increasing the snow 

accumulation in mountain environments in large scale. Frontal snowing is also important in 

snow accumulation (McClung & Schaerer 2006: 25 – 29, McKay & Gray 1981:154, Pomeroy & 

Brun 2001: 50, 53).  

Snowing is not a constant phenomenon in mountain areas. The amount of precipitation 

increases with amount of raising air according to terrain. Steep slopes with aspects towards 

raising air mass increase snowing most effectively. Valley channelling is a phenomenon where 

wind blows along the valley, narrowing of the valley causes air lifting and increasing 

precipitation. Wind flow separates in front of large scale obstacles, like mountains, and 

converges again behind them forcing air upwards and causing locally increased precipitation. 

Also the simultaneous large-scale frontal snow storms and local orographic clouds can sum up 

to larger snow amount locally with seeder-feeder effect: Snowflakes from higher large-scale 

seeder cloud grow when they travel through lower orographic feeder cloud (McClung and 

Schaerer 2006: 29; Mott et al. 2014: 1419 – 1420).  

Elevation is typically used as explanatory variable in snow models in mountainous areas. 

Importance of elevation grows when the elevation gradient grows (López-Moreno & Nogúes-

Bravo 2005: 3169; Revuelto et al. 2014: 1994; López-Moreno et al 2010: 1918). Elevation's 

relation to snow depth is directly comparable in the same slope only, not in different areas or 

different aspects of the mountain (Auld 1995 in Pomeroy & Brun 2001: 52). Air humidity 

influences the amount of potential precipitation. Distance from the ocean or coordinates can 

be used for representing the change in air humidity (López-Moreno & Nogúes-Bravo 2005: 

3169). Figure 2 summarises the impact of precipitation and temperature. 
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FFigure 2. Precipitation and temperature impact on the snow depth. 

2.2 Wind and topography 

Wind is the main architect in snow distribution in mountains and tundra environments. 

Without wind, snow would be deepest on slopes exposed to winds due to orographic lifting. 

Often these slopes have the shallowest snow covers because the wind transports the snow to 

the lee slopes and depressions. Topography has important role in steering the wind, local wind 

patterns vary markedly over distances of few hundred meters. As a constant and visible 

phenomenon compared to wind, topography is commonly used in snow distribution analysis. 

Elevation, terrain forms and friction of the ground impact to wind speed and wind direction 

(McClung & Schaerer 2006: 23 – 25; Mott et al. 2010: 550; Dvornikov et al. 2014: 63). 

Near the ground topography steers the wind around obstacles and also impacts the 

veelocity of wind by accelerating and decelerating it. Wind accelerates when the diameter of 

flow channel diminishes, for example just before ridge crests in windward sides, in hilltops and 

convexities, and also around boulders and single trees. Wind turns perpendicular over ridges 

and accelerates along channel-shape formations. Wind slows down when the diameter of flow 

channel grows behind ridge crests and hilltops and in concavities. Flow separation zone forms 

behind the wind obstacles, meaning lighter winds from varying directions. Steep and wide 

formations have blocking effect, wind velocity decreases in front of the obstacles like snow 

fences, forest, buildings or steep cliffs (Kind 1981:342, Winstral et al 2002: 524 – 525; Mott et 

al 2010: 549 – 551).  

Wind erodes the snow when the shear stress exerted by the wind to the snow surface is 

strong enough. The shear stress force depends on the local wind speed while the threshold of 
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erosion depends on snow crystal type. Freshly fallen cold snow starts to erode at light gusts (or 

become wind transported already during snowstorm, before reaching the ground), while hard 

or wet snow surface needs stronger gusts to erode. When the wind speed slows down due to 

changes in topography or friction by terrain roughness or vegetation, transported snow 

accumulates. Wind-deposited snow is denser than freshly fallen snow as crystals become worn 

during wind transport (Kind 1981:339 – 343; Male & Gray 1981:154 – 156; Pomeroy & Brun 

2001: 48, 52 – 59; McClung & Schaerer 2006: 31). 

Wind transport of snow can be divided to three processes, depending of the wind gust 

speed and snow surface: creep is rolling movement of snow particles which wind cannot lift. 

Saltation means snow particles bouncing few centimetres above the snow surface, it starts at 

velocity of 5 m/s for fresh, cold snow. Turbulent diffusion takes saltated particles higher into 

suspension with blowing wind, it requires 15 m/s wind speed. If snow is wet, icy, old or already 

accumulated and thus harder, the required wind speeds are higher. Most of the wind transport 

happens during the snowstorms when the fresh and easily transported snow is available. When 

analysing the wind direction, strongest winds are more important than mild winds and wind 

direction during snow storms is most essential. (Pomeroy and Brun 2001: 48, 52 – 59; McClung 

& Schaerer 2006: 31).  

Difference in snow cover between windward, lee and cross loaded slopes, and generally 

between exposed and sheltered locations, gives the high level explanation on snow variety in 

open mountain environments (Föhn & Meister 1983 in Pomeroy & Brun 2001: 61 – 62; Dadic 

et al. 2010: 4-8; Mott et al 2010: 547 – 557; Schirmer et al. 2011: 14). Windward locations are 

erosion dominated and have thin snow cover. Snow is eroded from convexities and 

accumulated in small depressions. Snow amount decreases near the ridges. Upward 

component of wind becomes dominant. Exposed snow surface has erosion shapes like 

horseshoes around boulders revealing the main wind directions (Kind 1981: 341 – 345). Lee 

sides have smoothest and thickest snow cover, these areas show downward wind component. 

Cross-loaded slopes present highest spatial variability as they have features from both 

windward and lee processes (McClung & Schaerer 2006: 32 - 36). 

Flow separation causes drifts and cornices if the ridge is sharp enough. Limit for required 

angle changes in between 7-12 degrees. When the angle of change is gentler (e.g. flat mountain 

top), cornices or drifts just below the top do not form. In both cases, wind transported snow 
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accumulates on lee side when the wind speed decreases. Two lee-side processes work at the 

same time but in different scales, small scale cornice process is present only if angle change is 

sharp enough. Lee accumulation works in bigger scale and depends the size of the lee slope 

area (Winstral et al 2002: 524 – 525, McClung & Schaerer 2006: 31, 34, Mott et al 2010: 547 - 

557).  

Snow is also depleted by sublimation. During the wind transport, sublimation is very 

effective because snow particles have the whole surface exposed to air. Higher wind speeds 

together with high temperature increase sublimation. Also the degree of the water vapour 

saturation in the air has impact to sublimation, warm air can contain more humidity than colder. 

Altogether, warm, strong wind is effective in removing snow (Kind 1981:339-343; Male & Gray 

1981:154-156; Pomeroy and Brun 2001: 48, 52 – 59; McClung & Schaerer 2006: 31). 

2.2.1 Wind direction independent variables 

Topographical surrogates of wind erosion, sublimation and accumulation can be divided to two 

groups in basis of their dependence of wind direction. Wind direction independent variables 

include different curvature-family measures. These are used for quantifying the convexity or 

concavity of the cells compared to their neighbourhood. Curvature is often defined 

ambiguously as second derivative of a surface without any common naming conventions. First 

derivative of two-dimensional shape indicates the steepness, second derivative tells how 

quickly the steepness is changing. Derivation over three-dimensional surface can be done in 

several ways and sizes of neighbourhood, e.g. along the steepest gradient (profile curvature), 

curvature perpendicular to previous (plan curvature) or average of these (general or mean 

curvature), also other possibilities exist (Zeverbergen & Thorne 1987 in Dvornikov et al 2015: 

56; Gallant & Wilson 2000). Gharaei-Manesh et al. (2016: 27, 31) experimented with three 

different curvature measures, plan, general and profile curvature and found differences 

between them. 

Topographic position Index (TPI) is defined as cell's elevation in relation to surrounding 

cells average elevation (Jenness et al. 2013: 45 – 57). Basically it is just one more way to 

calculate curvature and values will be close to general curvature (López-Moreno et al. 2010: 

1918). It’s logical because corner cells that are counted for TPI but not for general curvature 

are not along the steepest gradient. TPI was found most important explanatory variable in 
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several models built on two years by Revuelto et al. (2014: 1994, 2001). Figure 3 presents the 

four different curvature values.  

 

FFigure 3. Comparison of four different curvature measures calculated from 3x3 grid. 

Topographic Wetness Index (TWI) represents the snow accumulation to depressions, which is 

main reason causing summer wetness, also name Topographic Compound Index (TCI) is used 

(Winstral et al. 2002:525; López-Moreno et al 2010: 1918). TWI is defined as logarithm of 

upslope contributing area divided by slope angle (Beven & Kirkby 1979: 47 – 48). Gharaei-

Manesh et al. (2016: 34) found vertical distance to channel network and stream power 

calculated by topography as best explaining variables, they represent depressions and amount 

of melting snow.  

Variation of elevation any other topography measure indicated by standard deviation can 

be used as measure of terrain roughness. Highly varying terrain increases ground friction, and 

decreased wind speeds increase accumulation (Marchand & Killingtveit 2005: 368; Grünewald 

et al 2013: 3012). Another way to enumerate terrain roughness is Terrain Roughness Index (TRI), 

which is a sum of elevation difference between a grid cell and its neighbor cells (Riley et al. 

1999: 24 – 25). Also TPI can be used to represent terrain roughness, together with other 

curvature measures (Jenness et al. 2013: 45 – 57). 

2.2.2 Wind direction dependent variables  
Wind direction dependent variables require knowledge of the dominant wind direction. If wind 

observations are not available, dominant wind direction can be achieved by correlation analysis 

between the direction dependent variable and snow depth (Revuelto et al 2014: 1994 – 1995).  

Rhea & Gant (1974 in Pomeroy & Brun 2001: 52) found out that horizon angle 20 km 

upwind strongly correlated with snow depth. Winstral et al. (2002: 525 – 529) developed 

maximum upwind slope angle parameter Sx to describe the wind exposure. Sx has been 

important explanatory variable in many small-scale mountain snow-topography studies, e.g. 

Molotch et al. (2005: 1463), Tabari et al. (2010: 628), Schirmer et al. (2011: 4), Marofi et al. 
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(2011: 1421), Revuelto et al. (2014: 1994) and Schön et al. (2015: 21 –  25). Sx quantifies how 

exposed or sheltered of the location is to the winds from a given direction. Sx is calculated by 

comparing the highest obstacle in a given direction and searching distance. Searching distances 

from 100 m to 300 m have been used. If the angle of difference between the location and the 

obstacle is negative (under horizontal line), the site is exposed. Positive angles mean sheltered 

locations within the searching distance (Figure 4). To overcome the topography impact in wind 

directions in small scale, average of larger sector (40° - 60° between 5°) is used instead of single 

wind direction (Winstral et al. 2002: 525 – 529) 

 

 
FFigure 4. Wind exposure (Sx) calculation: calculate the angle of highest sheltering topography within the 

searching distance. Drawn after definition by Winstral et al. (2002: 525 – 529). 

Lapen and Martz (1993 in Anderton et al. 2004: 442) presented exposure indexes to the four 

cardinal wind directions. Exposures are calculated from aspect with sine towards east or west 

and cosine to south or north. Averaging the index of all the cardinal directions creates a wind-

direction independent, general curvature like measure (Anderton et al. 2004: 442). Similar 

aspect-related measures are northing and easting, used by e.g. López-Moreno & Nogúes-Bravo 

(2005:  3172). 

Winstral et al. (2002: 529 – 530) defined also a binary variable D based on topography 

for indicating if the ridge is sharp enough to enable cornice formation on lee side. Classification 

is based on the sharpness of the sheltering shape, sheltered locations are indicated by Sx. 

Figure 5 summarises the surrogates for wind processes, separating wind direction dependent 

and independent ones. 
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FFigure 5. Summary of the wind –dependent surrogates for snow depth modelling. 

2.3 Radiation and snow 

The snowpack interacts with radiation on short and long waves: Short-wave radiation from Sun, 

including visible light, is mostly reflected back from dry and white snow. Part of the short-wave 

radiation penetrates to the surface snow layer. Wet, large-grained snow the reflectance is 

reduced and more energy is penetrated deeper in the snowpack. Energy heats up the 

snowpack surface layer changing the bonds and densifying snow or melting the snow grains. 

As a result, snow depth decreases. Short wave radiation is directional as it originates from the 

Sun (McClung & Shaerer 2006: 39 – 40).  

Clouds, the earth, forest trees and also the snowpack can emit or receive long-wave 

radiation. Long-wave radiation transfers the heat from warmer to cooler surfaces. Direction of 

the heat flow depends of the temperature of the snow and other surfaces like bare ground, 

trees and cloud droplets. Long-wave radiation contains less energy than short-wave radiation 

and has less impact to the depth of snow, even though the heat transfer is going on also in 

shadows, cloudy days and nights. It's more important in snow pack layer formation, e.g. cooling 

snow surface receives hoar frost (McClung & Shaerer 2006: 39 – 40). 

The impact of short-wave radiation on snow depth depends on latitude and time of the 

year, slope aspect, slope angle and shadows created by near landscape or forest canopy. The 

theoretical maximum without impact of cloudiness or forest shadowing can be calculated 

based on topography (Figure 6). While radiation is largest at the south aspect, heat load is 

largest in the afternoon at the south-west aspect (McCune & Keon 2002:604-605). In literature 
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radiation has been significant, but not the most important contributor to snow depth several 

studies, but the research areas located in lower latitudes (Anderton 2004: Erickson et al. 2005: 

16; López-Moreno & Nogúes-Bravo 2005: 3169, 3172; López-Moreno et al. 2010: 1918; 

Revuelto et al 2014: 1994). Figure 7 summarises the radiation-surrogates used in snow models. 

FFigure 6. Theoretical maximum radiation 

ccalculation by topography.. Latitude and time of 

tthe year impact the sun position. Sun ray angle to 

ccertain location depends on the slope angle and 

aaspect. Figure is drawn according to definition by 

MMcCune & Keon 2002:604-605.  

Fiigure 7. Summary of rradiation ssurrogates ffor 

ssnow depth modelling. 

 

2.4 Vegetation 

The vegetation cover over snow surface impacts lower wind velocities and increases snow 

accumulation. In general, canopy cover reduces the snow depth variability, except at forest 

edges (Winstral & Marks 2014: 298 – 299). Dvornikov et al. (2015: 56, 60-61) studied tundra 

shrub vegetation impact in detail, convex and concave sites separately, and found vegetation 

height dominated the snow depth especially on convex sites. Impact was strongest when scrub 

height was less than 15cm. At convex sites with snow deeper than 15cm, there are also other 

factors impacting snow accumulation. On concave sites the relationship of snow and vegetation 

height was not so strong, as shrub height cannot reach the snowpack surface. 

Interception of the snow is most effective on conifer forests because they have more 

surface area compared to deciduous trees in winter. Snow on the branches has large surface 

area exposed to the air and sublimation. As a result, the ground receives less snow compared 
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to open areas. As the wind impact in the forest is reduced, forest snow is also more evenly 

distributed compared to open sites (Pomeroy & Brun 2001: 65 – 68; Marchand & Killingtveit 

2005: 360). 

The snowpack impacts vegetation directly, and through the soil properties. Effects are 

slow and visible only after one or more growing seasons. Snowpack provides shelter, but 

restricts the light needed in photosynthesis. Growing season length is dependent on snow-free 

time and ground frost melting. With deeper snowpack, temperatures under snow are higher 

preventing frost damage in roots, ground frost melts quicker and ground is more stable. Snow 

melt date reflects the maximum snowpack depth more than snow melting rate (Anderton et 

al. 2004: 448; Wang et al. 2015: 64 – 71). Snow melting is important source for ground humidity. 

Meltwater also dissolves and transports soil nutrients. Vegetation is also strongly dependent 

on elevation and slope aspect. Vegetation – snow two-way interactions are presented Figure 8 

(Walker et al 2001: 267 – 287, 298 – 299). 

Amount of vegetation is often achieved from remote sensing products. NDVI (Normalized 

Difference Vegetation Index) is used representing photosynthetic capacity. It is calculated from 

satellite reflectance image with visible (VIS) and near-infrared (NIR) wavelengths with formula 

(NIR - VIS) / (NIR + VIS) (Rouse et al. 1974 in Wang et al 2015: 61). Vegetation greenup date and 

snow disappearance date can also be used to explain of snow depth patterns from previous 

snow season if frequent series of satellite images are available from snow melt time (Wang et 

al. 2015: 62). Dvornikov et al. (2014: 56) used detailed satellite image to achieve shrub height. 

Figure 9 summarises the vegetation-related variables used in snow modelling. 
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FFigure 8. Vegetation –– snow interactions separated 

ffrom other processes. Snow responds to vegetation 

amount in same season but vegetatioon response to 

snow amount is slow. Interactions are drawn 

aaccording to Walker et al 2001: 267 – 287, 298 –– 

2299. 

 
Figure 9. Vegetation surrogates for snow depth 

mmodelling. 

 

2.5 Avalanching 

Gravitation processes like avalanches or slow sloughing move snow in small scale if the slope is 

steep enough. Typically snow does not accumulate on slopes steeper than 50° – 60°, it sluffs 

down immediately. Local slope angles between 35° to 60° can initiate slab avalanches typically 

on lee sides and cross loaded slopes if conditions are suitable, slab avalanches can propagate 

to gentler slope depending of the size. Angles less than 25° - 35° rarely avalanche, but suddenly 

wetting snowpack can slide on smaller inclines also (McClung & Shaerer 2006: 112 – 114, Figure 

10). Avalanching or summer time mass movements can impact the snow accumulation in 

following years also by diminishing vegetation. Slope angle is often used in snow modelling 

because it indicates avalanching (Figure 11). Slope angle is also a component in formulas of 

other terrain variables like curvature measures, radiation and TWI (Winstral et al. 2002: 535; 

Anderton et al 2004: 441; McClung & Shaerer 2006: 112 – 114; Revuelto et al. 2014: 1994).  
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FFigure 10. Local slope angle dependency to 

aavalanches.  Drawn after McClung & Shaerer 2006: 

1112 – 114. 

 

 
FFigure 11. Slope angle represents avalanching 

aand serves also as a component representing 

oother processes.   

2.6 Impact of resolution  

Lopez-Moreno et al. (2010: 1918, 1927) investigated the influence of the resolution in statistical 

snow models. They found it impacts variable selection and model accuracy. With larger 

resolution, elevation and radiation were main predictors but when grid size dropped to 10 m x 

10 m, curvature become most influencing variable. Also Dvornikov et al. (2014: 62 – 63) found 

curvature most important explanatory variable with fine 5 m x 5 m resolution in flat tundra 

environment. Sexstone & Fassnacht (2014: 337) noted curvature and slope angle become 

important when elevation and other larger scale trends were removed.  

Value and interpretation of different curvature measures change in different resolutions; 

the point on a top of a small hill at the bottom of a canyon may be classified as depression at 

larger scale and a hilltop in smaller scale (Jenness et al. 2013: 45 – 57). Also the locations of 

hills and depressions in comparison to the Digital Elevation Model (DEM) grid have impact to 

the curvature and other local terrain variables. Thus curvature indices do not necessarily 

identify all the hills or knolls in the terrain (Figure 12). Sx parameter does not have this problem, 

it’s working with searching distance which is given by the user according to terrain (Winstral et 

al 2002: 529).  
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FFigure 12. Impact of resolution and terrain feature’s location on DEM grid. Partly  adapted from Jenness 

et al. 2013: 45. 

Terrain is smoothed during winter as snow fills the irregularities. Mott et al. (2010: 553 – 557) 

found in their Swiss research area that depressions were filled up to 40 m, the distance depends 

on the snow amount. Filling of small scale depressions causes high variation in snow depth at 

scales of tens of meters. According to Grünewald & Lehning (2015: 1723), the variation 

disappears at distances around 100 m.  

Grünewald et al. (2013; 3012 – 2013) compared performances of statistical models with 

different resolution. The variation of the snow depth decreased and model performance 

increased when the increasing grid size. They concluded 400 m x 400 m resolution would be 

best compromise for robust model. On the contrary, Lopez-Moreno et al. (2010: 1927) 

recommend using resolution under 25 m x 25 m in modelling. Schön et al. (2015: p. 21 - 25) 

used very fine 1 m resolution. At that scale, they used laser-scanned snow surface, because 

snow smooths the terrain and ridges can move tens of meters forward along the wind. The 

choice of resolution depends on model use. 

2.7 Interannual consistency of snow depth in short and long term 

Usefulness of a model in coming years is based on assumption of interannual consistency of 

snow distribution. Consistency has been found in several multi-year studies (Deems et al. 2008: 

987; Mott et al. 2010: 547 – 548; Schirmer et al. 2011: 15; Grünewald et al. 2013: 3016; 

Winstral & Marks 2014: 294). Often major storms come from the same directions every year 
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even there is variability in the weather patterns, causing similar overall snow distribution. The 

assumption of consistency is better filled with yearly maximum snow depth models compared 

to modelling in beginning of the snow season. There are also opposing results from multi-year 

studies. Marchand & Killingtveit (2005: 362, 367) found significant differences in snow depth 

between three years with different dominant wind directions. 

To understand why some sites have more consistent snow distribution than others, Sturm 

& Wagner (2010: 3) divided explanatory variables to relatively fixed (topography and 

vegetation) and dynamic (wind direction, solar radiation and avalanching). Dynamic variables 

differ between years while fixed variables change only on long run if at all. If the fixed controls 

dominate, the snow distribution and models built are interannually more constant compared 

to areas and models where dynamic controls dominate. Findings from Revuelto et al. (2014: 

1990, 2004) supports this division in their multi-year study with models composed several 

times in two years. In their models the importance of Sx varied between models as it is dynamic, 

but fixed variables like elevation and curvature maintained their importance. Schirmer et al. 

(2011: 15) did two-year study which showed Sx dominated in explaining the snow depth. Their 

model was consistent in snow distribution pattern but failed with the magnitude of snow. 

Grünewald et al. (2013: 3005, 3011 - 3012) experienced building up a global mountain snow 

depth model with training data from several mountain areas. It was performing much worse 

than local models, even only static and standardized parameters ended up to model.  

Yearly differences between winter weather impact the average snowpack. Also 

atmospheric circulation patterns (ACP's) can be used as reference of winter snowpack 

character at given year. Irannezhad et al (2015) studied the ACP response to Finland's winter 

climate. Changes between winter weather patterns impact average snow depth and also 

distribution because of differences in temperature, amount of snowfall and the directions and 

speed of wind. Wintertime precipitation has most influence to maximum SWE in North Finland. 

It is associated with ocean-atmospheric teleconnections extending from East Atlantic Ocean 

(EA). Low NAO (North Atlantic Oscillation) causes higher SWE at all elevations. High NAO 

indicates less snow (and also Atlantic Oscillation, AO) because higher winter temperatures. NAO 

shows variation in approximately 11-years cycle and is subject to climate scientists prediction 

interest (Thiéblemont et al. 2015: 2-3).  
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Global change causes long term changes in snow amount and small-scale distribution, it has 

impacts in all the processes snow takes part. Snow – vegetation interaction described earlier is 

one of those. Other example is snowpack's ability to sustain itself when once formed by keeping 

temperatures near ground lower (Groisman & Davies 1981:18).  

3. Modelling and measuring snow 

This chapter gives a literature review of methods used in mountain snow depth or SWE 

modelling. Also observation methods are presented and compared. Last subchapter searches 

answer the question of small scale snow depth availability in remote sensing products.  

3.1 Snow modelling in literature 

Because expenses of measuring, modelling is often used when the spatial distribution of snow 

is needed. Physical snow models are based on temperature-index, mass- or energy balance 

(Magnusson et al. 2015: 2709). General Circulation Models (GCMs), are large-scale physical 

models where snow cover change is important variable in heat fluxes and water circulation 

calculations (Groisman & Davies 2001: 24 - 30). Smaller-scale examples of physical energy- and 

mass-balance models are SnowModel used by Sturm & Wagner (2010: 5 - 6) and SNOWPACK 

used by Schirmer & Lehning (2011: 2). Inputs for the models include topography and 

meteorological measurements, some models include also vegetation. Physical models have the 

same problems as snow measuring itself, high variability of snow together with insufficient or 

inaccurate measurements cause inaccurate results.  

Statistical modelling is based on assumption that snow distribution has both 

deterministic and stochastic component. Deterministic component can be achieved from 

surrogate variables like ones based on topography. Sturm & Wagner (2010: 4 – 5) compares 

physical and statistical models: physical models can better estimate the current year snowpack 

taking also abnormal conditions into models whereas statistical models perform well with 

averages. Statistical models in general suit well to be applied in the same area in following years, 

but poorly to be moved to other, seemingly similar areas as they’re built on local impact of 

explanatory variables (Guisan et al 2002: 91; Erickson et al. 2005: 2-3).  

Often statistical models are built without any areal subdivision (e.g. López-Moreno & 

Nogúes-Bravo 2005; Erickson et al. 2005, Revuelto et al. 2014; Gharaei-Manesh et al. 2016). 
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Areal subdivision according to similar snow conditions, hydrological response units, before 

model fitting was used by Marchand & Killingtveit (2005:360), who separated their research 

area to forested and open subareas. Shirmer et al. (2011) and Grünewald et al. (2013: 3011 – 

3012) classified their Alpine research area to lee, windward and cross-loaded slopes along the 

ridges before modelling. Following subchapters present and compares statistical modelling 

methods used in earlier snow research to aid the method selection for this study.  

3.1.1 Regression methods 

Linear regression has been used in statistical snow depth models several times since Golding 

(1974 in Grünewald et al 2013: 3006) made a snow model with elevation, topographic position, 

aspect, slope, and forest density as explanatory variables. Snow depth and SWE are often found 

to have nonlinear relationship with topographical, vegetation and meteorological variables as 

different processes impact the snow accumulation and redistribution (López-Moreno & 

Nogúes-Bravo 2005: 3168; Marofi et al., 2011: 1422). Because of nonlinearity, relationships in 

linear models (LM) may not be strong enough for predicting but they can serve in 

understanding the roles of variables.  

Nonlinear regression methods include generalized linear models (GLMs) (McCullagh & 

Nelder 1989 in Wood 2006: 59) and General Additive Models (GAMs) (Hastie & Tibshirani, 1986 

and Hastie & Tibshirani 1990 in Wood 2006: 121). GAMs have been used in snow depth 

modelling by López-Moreno & Nogúes-Bravo (2005) and Lopez-Moreno et al. (2010). They 

found GAM was slightly more accurate than LM and had higher predictive ability.  

GLM can be expressed as: 

       (1) 

In GLM the relationship between response and explanatory variables doesn't need to be linear 

or constant but it’s parametric and used needs to set the link function and possible higher 

degree polynomials and linear combinations of variables. GAM extends the GLM by using 

smoothing functions on explanatory variables.  

       (2) 

Smoothing functions multiply each explanatory variable, so that user does not have to add 

higher degree polynomials or combinations, maximum degrees of freedom are given. GAM 

response curves of predictor variables are flexible and relatively easily interpretable along the 
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gradient of response variable. The estimated degrees of freedom can be controlled. Literature 

warns about GAMs moderate overfitting problem, LM tend to be more robust in this sense 

(Wood & Augustin 2002:157 – 158; Lopez-Moreno et al. 2010: 1919; James et al. 2013: 26).  

3.1.2 Classification trees 

Many snow studies with large data sets use binary regression trees (BRT's) or classification trees 

in modelling (e.g. Winstral et al. 2002; Anderton et al. 2004; Molotch et al. 2005; Lopez-Moreno 

et al. 2010; Revuelto et al 2014, Gharaei-Manesh et al. 2016). Tree model classifies the sample 

according to explanatory variable threshold values, the priority order of variables and 

thresholds are found during training, not given (Winstral et al. 2002: 534 – 535). Trees works 

well when snow cover is patchy or the sample is discontinuous (Revuelto et al 2014: 2004). 

Common problem with trees is overfitting (López-Moreno & Nogúes-Bravo 2005: 3158; 

Revuelto et al. 2014: 2004). Classification trees have also been used in combination with 

regression methods, López-Moreno et al. (2010: 1919) successfully experienced first fitting a 

GAM and a tree model to GAMs residuals. Gharaei-Manesh et al. (2016: 28) created a tree 

model where final nodes were linear models, tree was used for deciding which model should 

be used.  

3.1.3 Machine learning methods 

Besides trees and regression methods, recent statistical snow studies with large datasets have 

used artificial neural networks (ANN) (Tabari et al. 2010; Marofi et al. 2011, Gharaei-Manesh 

et al 2016), neural network-genetic algorithm (NNGA) (Marofi et al. 2011) and genetic 

programming (GP) (Buckingham et al 2015). In machine learning the forms of dependencies 

between response and explanatory variables and not given by the user, but they are found in 

training if they exist. These methods are often resilient towards overfitting, have better 

performance compared to nonlinear regression, and do not except continuous distribution of 

the snow depth. Not all machine learning models provide user-interpretable model of 

interactions, their purpose is predicting, not providing understanding of the variable behaviour. 

Models can work quickly, even in near-real-time with data which is coming from measurement 

network continuously (Buckingham et al 2015: 314).   
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3.2 Snow depth observations in literature 

Snow depth observations can be achieved by single point or areal measuring, manually or with 

measurement devices. Measurements can be done once or frequently. Frequent manual 

measurement sites, snowlines, are often located near the roads and villages because easy 

access is important, not in remote areas like mountains (Sexstone & Fassnacht 2014: 330). Point 

measurements can also be automated like the SNOTEL measurement station network in the 

U.S.A. which is used for hydrological resource monitoring (SNOTEL 2015), or the IMIS network 

in Switzerland build for avalanche forecasting. The IMIS stations were originally defined to 

represent the surroundings within 20 m circle for snowpack structure. Single point 

measurements are not representative for larger areas in mountain environment (Ericson et al. 

2005: 2; Grünewald et al., 2013: 3005 – 3007: Grünewald & Lehning 2015: 1717 – 1718).  

Most accurate areal snow depth or SWE measurements are done from air or terrain 

based optical laser scanners. Methods of LiDAR (Light Detection and Ranging) TLS (Terrestrial 

Laser Scanning) and ALS (Airborne Laser Scanning) have been often used in the literature 

(Marchand & Killingtveit 2005: 359; Deems et al. 2008: 289 - 290; Mott et al. 2010: 547-548, 

550; Schirmer et al 2011: 2 - 3; Grünewald et al. 2013: 3007 – 3008; Revuelto et al 2014: 1992; 

Winstral & Marks 2014: 294; Grünewald & Lehning 2015: 1718). These optical measurements 

need to be done from the bare ground and repeated on the snow cover so that the height 

difference can be calculated. In mountain environments, the visibility can be restricted if the 

devices are terrain mounted, but repeating measurement is simpler. Tight tree canopies 

constrain optical measuring. Ground Penetrating Radar (GPR) is another type on measurement, 

typically mounted on snow vehicle. It shows the different layers beneath the device, e.g. snow-

terrain border, no bare ground reference is needed. It has been used in snow studies e.g. by 

Marchand & Killingtveit (2005: 357 – 359). Manual areal measurement campaigns have been 

conducted by Molotch et al. (2005: 1460) and López-Moreno et al. (2010: 1916). 

3.3 Snow depth in remote sensing 

Satellite snow measurement devices include optical sensors and microwave radars. Optical 

products reveal only the snow extent, SWE and snow depth are not available. Darkness, thick 

cloud cover, forest canopy, and complex terrain prevents visibility. Radar technology can 

measure the SWE, also in dark and through the clouds. Passive microwave radar measures the 
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natural signal scattered from the dry snow, but the overall energy is so small that resolution is 

coarse, e.g. 25 km, for SWE products. Active microwave radar can be used for achieving fine 

resolution snow depth or SWE but currently there are no products available. Wet snow is one 

of the problems, microwaves do not penetrate well on it. Low frequencies are more robust to 

liquid water on snow while higher frequencies would be accurate, so compromises are done. 

There might become useful products in near future, e.g. using free data from Sentinel-1A SAR. 

With remote sensing the update intervals are some days at best. Daily or near real time 

solutions are not available (Leinss et al. 2015: 3773 – 3774, 3788; Eckerstorfer et al. 2016: 129 

–139) . 

4. Study area  

The study area is located in Northern Norway, Finnmark region, Tana municipality (Figures 13). 

The area has size of 7 km x 5 km and it’s located between elevations of 160 m and 660 m (Figure 

14). Terrain is slightly raising towards the tops of two mountains, Rásttigáisá and Geaidnogáisá, 

highest parts of the mountains are left out of the study area. Slopes are divided by the valley 

of river Geaidnojohka, which runs in north-east – southwest direction. Lowest parts of the area 

up to 300 m grow forest of mountain birch (Betula pubescens subsp. Czerepanovii), and higher 

parts do not have vegetation over snow surface. Often rocks are visible over snow surface, snow 

cover has also bald patches. 

 

FFigure 13. Red dot indicates the study area location in northern Norway. Map from kartverket.no (2016) 

with licence CC BY 4.0 ©Kartverket, modified by author. 
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FFigure 14. Red rectangle shows the study area closer. Map from kartverket.no (2016) with licence CC BY 

4.0 ©Kartverket, modified by author. Letters indicate the places in photos in Figure 15. 

Figures 15 A - H shows snow variation and indications from dominant wind directions in the 

study area during the measurement campaign. Sites of photos are marked to map in Figure 14. 

Large pillow of wind-deposited snow has accumulated on the south-eastern slopes of 

Geaidnogáisá (Figure 15 A). Lower parts of Geaidnogáisá south-eastern slopes have even snow 

surface, snow has filled the depressions (B). Geaidnogáisás eastern slope in valley of 

Geaidnojohka has smaller wind-deposited snow pillows indicating cross-loading on both 

directions along the valley. The valley bottom is quite even with occasional visible stones (C). 

South-eastern slopes of Rásttigáisá have even snow cover with occasional shallow areas (D). 

Rásttigáisás south slopes towards the river valley are erosion-dominated, snow lies only in 

depressions (E). Rásttigáisás whole south side in the background of (F) shows increasing snow 

depth in upper parts which are outside of the study area. Site of F on upper slope of river valley 

is erosion-dominated. Small river channel in G has cornices as indication of north-western 

winds. In general, the snowpack indicates westerly wind dominance in the area. Also 

Geaidnojohka valley steers the wind. Birch forest in bottom parts of the study area has quite 

even, but not very deep snowpack. In this northward slope site melting has already started (H). 
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FFigure 15. Photos of study area snow conditions (B and F by Saša Dolinšek, others by author). 
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4. 1 Snow and wind observations 

Weather and snow observations are sparse in Finnmark and north Finland, also most of the 

stations are located at low elevations and sheltered locations. Thus the measured wind speeds, 

directions or the snow depth cannot be directly applied to the study area, however some 

comparison can be done. Nearest station is Utsjoki - Kevo in Finland (107 m. a. s. l., 35 km from 

study area). In the last 30-year period the snow depth maximum of 69 cm is typically reached 

at the end of March, the period of close maximum snow depth lasts from end of February until 

mid-April (Pirinen et al. 2012: 55). Strongest winds blow typically from north, but average 

direction is from south (Pirinen et al 2012: 66). Winter 2015 had less than average snow depth 

in Kevo (Ilmatieteenlaitos 2015a). During measurement campaign in mid-April 2015, the snow 

depth in Kevo was 45 cm, which is 20 cm less than in comparison period (Ilmatieteenlaitos 

2015b). NAO was positive in the beginning of year 2015 which is snow accumulation’s main 

season. It supports the Kevo observation and indicates winter 2015 had thinner than average 

snowpack (NOAA 2016). 

In Norway none of the nearest stations had 30 years operation period. Last winter 

statistics from Karasjok (131 m. a. s. l., 60 km from study area) had last winter’s most frequent 

wind direction from southwest and east, strongest winds from west. Station Iskoras II south 

from Karasjok which is only station at higher elevations (591 m. a. s. l., 80 km from study area), 

had dominant wind direction from south and south-west. In Tana Bru (32 m. a. s. l., 75 km from 

study area) the dominant wind direction was south-east and Lakselv (6 m. a. s. l., 45 km from 

study area) from south and south-east. No common wind pattern can be identified form these 

stations. Snow depths were not available from Norwegian sites (Norwegian Meteorological 

Institute 2015). 

Senorge.no (2016) is a web service based on physical model with 1 km resolution, which 

simulates the snow depth for whole Norway. It is targeted for hydropower, avalanche, and free 

time interest on snow parameters (Saloranta 2014: 6 - 8). Predictions are available for next nine 

days, history is also available. Web service does not show winter maximum averages. Figure 16 

shows the snow depth according to senorge.no service during the measurement campaign. 

According to the model, lower parts of the study area have 25-50cm snow and higher parts 50-

100cm.  
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FFigure 16. Senorge.no screen capture of snow depth from study area at measurement time 18.4.2015 

(Senorge.no 2016).  

Long-term snow and wind data is used to estimate the interannual consistency of the 

snowpack. Snow depth (Figure 17), and wind surface stress divided in two components, 

eastward (Figures18) and northward (Figure 19) areal estimates are available from NASA 

MERRA2 data archive (Rienecker et al. 2011). MERRA2 dataset includes e.g. MODIS 

observations and modelled data. Visualisation is provided by GIOVANNI web service (Acker & 

Leptoukh 2007). Monthly average snow depth time series since 1980 shows 2015 was among 

5 lowest-average years. Monthly average have varied between 50 cm and 110 cm during the 

period, highest average is more than twice of the thinnest. In 2015, February and March had 

highest snow depth averages, month of highest average snow depth during the period has been 

usually March or April.  

Wind surface stress is split to eastward and northward components, December to 

February (DJF) showed in one trend and March to May (MAM) as another. Based on snow depth 

diagram, DJF can represent the accumulation season, while MAM melting season. Both time 

series show mostly positive monthly averages, indicating wind directions from west and south 

dominate. Both components variate between years with similar magnitude. Components are 

not following any clearly visible pattern in comparison together or with snow depth. 
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FFigure 17. Monthly average snow depth variation 1980 – 2016. Analyses and visualizations were produced 

with the Giovanni online data system, developed and maintained by the NASA GES DISC. 

 

Figure 18. Average three month eastward wind surface stress variation 1980 – 2016. Analyses and 

visualizations were produced with the Giovanni system, developed and maintained by the NASA GES DISC. 
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FFigure 19. Average three month northward wind surface stress variation 1980 – 2016. Analyses and 

visualizations were produced with the Giovanni system, developed and maintained by the NASA GES DISC. 

5. Data 

 5.1 Snow depth measurements 

Total of 63 snow depth measurements were achieved in measurement one-week campaign in 

mid-April 2015 by author and Saša Dolinšek. Lower parts of the study area received several 

days of rain on snow during the measurement campaign. In higher parts, precipitation arrived 

at least partly as snow. Snow depth was measured using snow probe with 1 cm intervals. On 

each site the snow depth value is average of five measurements, one in the middle of the site, 

and four points three meters away from the middle point. Snow depth was measured 

perpendicular to the slope angle. Similar way for example López-Moreno et al. (2010: 1916) 

did five measurements, but they had 50 cm between the measurements. Before averaging, 

measurement points which deviated more than 25% of the site mean, were rejected. In this 

work no measurements were rejected. Minimum distance between the sites was 120 m, but 

mostly sites were longer apart, average distance to closest neighbour was 350 m. The 

measurements sites were pre-defined in INFRAHAZARD (Geomorphic sensitivity of the Arctic 

region: geohazards and infrastructure) project. Not all project sites could be measured, study 

area is part of the project area. Figure 20 shows the measurement sites on a map. 
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FFigure 20. Measurement sites. Map from kartverket.no (2016) with licence CC BY 4.0 ©Kartverket. 

Mean of all snow sites was 42 cm, highest value 172 cm and lowest 0 cm (Figure 21). There 

were only five sites over one meter deep. The distribution of snow depth is positively skewed 

and deep values are distinct (Figure 22). Snow distribution at study area (Figure 23) shows there 

is no clear pattern of snow depth. Deepest and shallowest values are not clearly clustered, in 

the medium range there are small pockets of similar values, for instance in the lowest part of 

Geaidnojohka valley with birch forest. 
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FFigure 21: Boxplot of snow depth. 

 

Figure 22. Histogram of snow depth. 

 

Figure 23. Bubble plot of snow depth (cm) distribution. 

5.2 GIS-based variables 

A set of explanatory variables, “GIS-based variables” has been extracted from Digital Elevation 

Model (DEM) from Kartverket.no (2016), NDVI is calculated from summertime Landsat image 

(University of Maryland 2012). DEM resolution is 10 m, and Landsat image resolution is 30 m. 

Figure 24 summarises how processes presented in chapter 2 are covered in initial variable 

selection.  
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FFigure 24. Summary of snow depth influencing processes from chapter 2. Main processes are shown in 

orange and detailed-level of processes is light-blue. Explanatory variables selected for initial analysis in 

blue. Gray indicates processes and variables excluded from the analysis.  

Elevation represents temperature impact to snow accumulation and orographic precipitation 

while NDVI represents the vegetation impact. Maximum theoretical heat load and radiation 

represent radiation’s melting impact, but only one can be used in modelling as they’re not 

independent. Wind and topography interactions presented with upwind exposure (Sx) and 

exposure index to one aspect, TWI, TPI and three different curvature measures: profile 

curvature which is curvature along the steepest slope, plan curvature, which measures the 

horizontal curvature perpendicular to profile curvature. General curvature is average of two 

previous and quite close to TPI calculation.  

Left out are possibility of cornices and avalanching as the study area did not contain these 

features in large scale. Distance from ocean is left out as the study area is quite small compared 

to the distance. Vegetation is estimated only with NDVI. Curvature measures represent also 

terrain roughness, no separate roughness measure is used. Table 1 summarises the GIS-based 

variables, comparisons and references, data source is mentioned if not author. 

  



31 
 
TTable 1. Summary of GIS-based variables. 

Variable  Explanation, calculation and comparisons  Reference  

Elevation    
Slope angle  Derivative of elevation difference at the steepest direction.  

Radius 30 m. Slope angle is component in formulas of TWI, 
radiation and heat load.  

 

Sx (UUpwind 
exposure) 

Comparison for searching distances of 100m, 200m and 
300m and directions from 240° to 340° in 5° intervals. 
Whitebox function “Horizon angle” (Lindsay 2014). 

Winstral et al. 
2002 

TWI 
((Topographic 
Wetness  Index)  

Luoto et al.(unpublished data). Beven & Kirkby 
1979 

TPI (Topographic 
PPositon Index 

Neighbour cells (with radius of 10m) and area of 30m x 30m. 
QGIS (QGIS Development Team 2016) & SAGA (Conrad et al. 
2015).  

Jenness 2013 

Profile ccurvature Curvature in steepest direction (radius 30 m). QGIS (QGIS 
Development Team 2016) & SAGA (Conrad et al. 2015). 

Zevenbergen & 
Thorne 1987 

Plan  curvature  Curvature perpendicular to profile curvature (radius 30 m). 
QGIS (QGIS Development Team 2016) & SAGA (Conrad et al. 
2015). 

General  
curvature  

Average of profile and plan curvature. QGIS (QGIS 
Development Team 2016) & SAGA (Conrad et al. 2015). 

Exposure iindex Exposure indexes to cardinal directions are compared. 
Aspect from QGIS (QGIS Development Team 2016). Sine of 
aspect equals west-east and cosine of aspect equals north-
south exposure. 

Lapen and 
Martz 1993 

NDVI  Comparison of value in 30 m cell and average values inside 
circular buffers with radius of 50m and 100m. Buffers 
calculated in QGIS (QGIS Development Team 2016). 

Rouse et al. 
1974 

Radiation  Radiation and heat load have same formula, heat load uses 
aspect to south-west while radiation towards south (Luoto et 
al. unpublished data). Correlation comparison with snow 
depth helps to choose which one is selected.  

McCune& Keon 
2002 Heat  load  

 

Sx and exposure index require decision of wind-direction, Sx also searching distance, before 

variables can be calculated. Decisions are made with correlation comparison with snow depth 

because no wind observations are available. For Sx, comparison is done between directions to 

west from 240° to 340° in 5° intervals. Final Sx value is average of a sector of 50° around the 

highest correlating direction in highest correlating searching distance (100 m, 200 m and 300 

m are compared). Exposure index is calculated to two cardinal directions (north - south and 
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east - west), highest correlating index with snow depth is chosen to further analysis.   

Vegetation impact to snow depth may be more significant with larger area than original 

30 m NDVI resolution, impact of friction is dependent in the area size. For finding the most 

suitable vegetation impact resolution, NDVI’s correlation with snow depth is compared from 

the original resolution and two circular buffers with 50 m and 100 m radius around the site.  

5.3. Field-based variables 

Snow depth model is also compiled together with Field-based and GIS-based variables in 

combined model. Field-based variables were collected in the INFRAHAZARD project during the 

summer 2015 by Karjalainen et al. (unpublished data). Field-based variables selected for snow 

modelling are field curvature, elevation difference and topographic heterogeneity (Table 2). 

Sample sites are same with snow depth observations but sample is smaller with 58 sites. 

Average snow depth in this sample 39 cm, minimum and maximum values are same as with 

larger sample. 

TTable 2. Summary of Field-based variables. 

Variable  Method,, resolution  and connection to GIS--based variabless. 

Field curvature  Curvature of the site as a middle point of 10 m x 10 m grid compared to 

similar sized neighbour cells. Curvature is classified into 10 values ranging 

from 1 (concave) to 10 (convex). Corresponds to general curvature and TPI. 

Elevation  difference  Elevation difference (in cm) with the site as a middle point of 10 m x 10 m 

grid. Slope angle is derivative of elevation difference. 

Toopographic 

heterogeneity 

Micro-topography with the site as a middle point of 10 m x 10 m grid.  

Classified variable with range from no heterogeneity (1) to very rough terrain 

(10). In GIS-based values terrain roughness is represented with curvature 

values.  
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6. Methods 

General Additive Model (GAM) was selected for modelling method because nonlinear 

connection between snow depth and explanatory variables is expected (e.g. Molotch et al. 

2005: 1466; López-Moreno & Nogúes-Bravo 2005: 3168; Marofi et al. 2011: 1422). The sample 

size is relatively small (63) but resolution is good which adds accuracy (López-Moreno et al. 

2010: 1923 – 1926). Good minimum sample size would be 200, even good results have been 

achieved with smaller samples also (López-Moreno & Nogúes-Bravo 2005). GAM also allows 

exploration of relations between response and explanatory variables. Figure 25 summarises 

the methods used in this study. R and additional libraries are used for statistical methods, Table 

3 lists the used libraries with their references.  

 
FFigure 25. Modelling workflow used in this study. General Additive Model (GAM) is evaluated with Leave-

One-Out-Cross-Validation (LOOCV), model comparison uses Root Mean Square Error (RMSE) and Mean 

Absolute Error (MAE).  

Preliminary analysis of explanatory variables focus at variable distribution, outliers and relation 

to snow depth. Independence of variables is revised by checking if formulas have same 

components (e.g. slope angle) and with pairwise correlation analysis. Collinearity of the initial 

variables can impact the variable selection, for example none of the influential but highly 

correlated variables do not end to the mode. Also dependent variables weaken the model’s 

extrapolation ability (Marra & Wood 2011: 2373, Guisan et al 2002: 93 - 94).  
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6.1 Model selection  

Variable selection is done in simplest way, stepwise backwards (Wood and Augustin 2002: 162; 

Wood 2006: 177 – 185; Lopez-Moreno & Nogúes-Bravo 2005; 3170, Zuur et al 2009: 541). Least 

contributing variables are removed from the pre-selected set aiming for smallest prediction 

error described with Generalized Cross Validation -metric (GCV) (Craven and Wahba 1979 in 

Wood 2006: 177 – 185). The main drawback of stepwise procedure is that not all possible 

models are compared. Result is dependent on the steps taken. GCV can have several 

minimums, so first minimum is necessarily not the lowest one. Flexible experiments with 

different variable combinations may help with these problems, e.g. in case of really small 

differences between two variables both steps should be checked. Variable should not show 

signs of instability when other variables are added or removed indicating dependencies with 

other variables. Variable behaviour should also be consistent with theory (Guisan et al. 2002: 

93-94).  

The probability distribution is selected before modelling, response variable distribution 

guides the selection. For continuous distribution the possibilities are Gaussian and Gamma, 

later one can be used for only positive values while the Gaussian distribution can handle zeroes 

and negative values also. Gamma is actually a family of distributions where the shape depends 

on parameters, it is more flexible with residual distribution compared to Gaussian assumption 

(Figure 26). Gamma distribution suits to positively skewed, long tailed distributions (Zuur et al. 

2009: 193). Winstral & Marks (2014: 300) concluded Gamma distribution fitted better with 

snow depth from wind-dominant environment than log-transformed normal distribution. The 

link function multiplies the response variable and removes the need of variable conversions 

(Guisan et al. 2002: 93, Wood 2006: 59 – 61).  

 
FFigure 26. Example of Gamma distributions. 
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The shape of the smooth functions for each explanatory variable is restricted with degrees of 

freedom. Degree of 1 indicates linear connection and higher degrees more curvy smoothers, 

variables can also be left parametric, with no smoothing functions. The degree should not be 

too high model becomes overly complex and possibility of overfitting increases. Too low value 

does not allow the higher degree relations into the model. Degree can evaluated after fitting 

the GAM (Zuur et al 2009: 63, 547 – 549). 

Model diagnostics ensures model assumptions are filled. Standardized residuals should 

be homogenously distributed with no trend visible, which can be checked with scatterplot with 

response and fitted values. QQ-plot and residual histogram are used for inspecting the normal 

distribution of the residuals. Independence of the selected and removed variables are 

inspected from scatterplot with residuals, there should be no trend. After model fitting, 

multicollinearity between variables is checked with variation inflation factor (VIF) with limit of 

3 (Zuur et al. 2009: 536 – 537).  

Spatial autocorrelation is often present in natural phenomenon, but in complex processes 

like mountain snow cover it’s not always found (Lopez-Moreno et al. 2010: 1926). Variables 

that are not truly influential but only spatially autocorrelated together, may end up to the 

model deteriorating the model fit. In this study autocorrelation is checked locally, between the 

sites. Local autocorrelation is inspected visually from model residuals plotted in coordinate 

system. Pockets of sites with similar high residual values indicate spatial autocorrelation in 

these sites. If autocorrelation is found, measurement strategy or modelling method should be 

changed. If new measurement campaign with larger distances is not feasible, problematic sites 

can be left out from the model or method changed to GAMM (Generalized Additive Mixed 

Modelling), which includes the autocorrelation component. Bubble plot is also used for 

investigating spatial outliers (Anselin 2005; Zuur et al 2009: 161 – 166; Le Rest et al 2014: 811 

– 817).  

6.2. Model evaluation and comparison 

Model evaluation is conducted with leave-one-out cross-validation (LOOCV) method. Because 

of the small sample size, the division to calibration and evaluation samples is not feasible. In 

LOOCV each observation at time is predicted with the model, which is calibrated with rest of 

the observations. LOOCV results a set of prediction residuals for each observation in the 
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sample, these can be compared with model residuals with selected error metrics. For robust 

models, LOOCV prediction error metrics should not show deterioration compared to training 

dataset (Guisan et al. 2002: 91 – 94, Winstral et al 2002: 530, López-Moreno & Nogúes-Bravo 

2005; 3170, Wood 2006: 59 – 61, James et al 2013: 178-179).  

Model’s prediction errors (in centimetres) can be measured (e.g.) with Root-Mean-

Square Error (RMSE, Formula 3) and Mean Absolute Error (MAE, Formula 4). RMSE emphasizes 

the prediction errors which are distant from sample mean more than errors close to mean while 

MAE does not have emphasizes. Both RMSE and MAE are dependent of the sample mean and 

size, to be able to compare models built with different samples also Willmott’s D agreement 

index is used (Willmott 1981, Formula 5). It’s less dependent on sample parameters with 

variation range between 0 (no fit) to 1 (perfect fit). A Willmott’s D above 0.7 is generally 

considered to indicate a satisfactory modelling result, however original D index used in here is 

also sensitive to larger residuals as they’re squared (Lopez-Moreno et al. 2010: 1918 – 1920). 

Formulas for model fit and error measures (P=predictions, O=observations, =mean of 

observations) are according to Willmott et al. (2012: 2088 - 2089): 

 

 

 

 

TTable 3. R-libraries with references.  

Purpose  R--library  Reference  

R    R Core Team 2015  

Generalized Additive Model (GAM) mgcv Wood 2011 

Bubble plot: local autocorrelation gstat 

raster 

Maindonald 2015 

Hijmans 2015 

Leave-one-out-cross-validation (LOOCV) gamclass Maindonald 2015 

Error measures hydroGOF Zambrano-Bigiarini 2014 
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7. Results  

7.1 GIS-based variables 

Pre-selections for Sx, exposure index and NDVI were done before other preliminary analysis. Sx 

had strongest correlation with snow depth in direction towards west (270°), and searching 

distance of 200 m, Final Sx was calculated as a mean of 50° sector from 250° to 300°. Also for 

exposure index the west – east direction was chosen. In NDVI buffer analysis, larger buffers had 

stronger correlation with snow depth up to 150 m. NDVI of 100 m buffer was chosen for 

modelling to avoid site overlapping.  

Variable independence required comparison of variables with similar elements in 

formulas. Heat load outperformed radiation in correlation comparison with snow depth. From 

curvature measures, plan curvature had strongest correlation with snow depth. Slope angle is 

a multiplier in the formula of TWI, and slope angle overrides TWI in correlation analysis. 

Elevation and NDVI have strong mutual correlation, NDVI was selected based on stronger 

correlation with response.  

Sx has clearly strongest correlation with snow depth of GIS-based variables. Correlation 

coefficients are calculated with Pearson’s method for all variable even though all distributions 

are not normal, and reported with one decimal to avoid too detailed conclusions. Table 4 

summarises the preliminary selections made prior to modelling within variables and collinearity 

issues. It is ordered by correlation coefficient. 
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TTable 4. Explanatory variables selected for modelling. Variables are ordered by correlation with Snow 
depth. 

Variable  Pre--selections  Data coollinearity aand 
dependencies in formulas 

Correlation 
wwith snow 
ddepth  

Selected for 
mmodelling 

Sx  (Upwind 
eexposure,  

degrees) 

Searching distance of 
200 m and sector 
from 250° to 300° is 
selected. 

 0.4 Yes 

Exposure iindex Exposure to west – 
east is selected. 

Data collinearity with heat 
load, also both formulas 
use aspect as a 
component. 

0.3 Yes (cannot be used 
together with heat 
load). 

Plan curvature  Best of curvature 
measures. 

General curvature uses 
plan curvature in formula. 

-0.3 Yes (not with 
general curvature). 

Heat  load  

(MJ/cm2year) 

Outperforms 
radiation.  

Radiation and heat load 
have nearly same formula. 
Uses slope angle and 
aspect in formula. Data 
collinearity with exposure 
index. 

-0.2 Yes (not with 
exposure index or 
slope angle). 

General 
ccurvature 

Comparison with 
other curvature 
measures. 

Strong correlation with TPI 
in data and in theory. Uses 
plan and profile curvature 
used in formula.  

-0.2 No (only if plan 
curvature is not 
used) 

TPI (Topographic 
PPositon Index) 

Comparison with 
other curvature 
measures. 

Strong correlation with 
general curvature in data 
and in theory. 

-0.2 No (other curvature 
measures are used) 

Slope angle   Slope angle is used in 
calculation of TWI. 

0.1 Yes (not with TWI 
or Heat load) 

NDVI   NDVI with largest 
100m circular buffer 

High correlation with 
elevation in data. 

-0.1 Yes 

TWI 
((Topographic 
Wetness Index)  

 Uses slope angle and is 
thus has dependency to 
heat load and radiation. 

-0.03 No (not with slope 
angle). 

Profile curvature  Comparison with 
other curvature 
measures. 

Dependency to general 
curvature and TPI. 

-0.03 No (other curvature 
measures are used) 

Elevation (m)   Data dependent on NDVI 0.006 No (NDVI is used). 

Radiation 
((MJ/cm2year) 

Compare with heat 
load 

Dependency to heat load 
by the nearly same 
formula. 

0.004 No (heat load is 
used). 
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Variable distributions, ranges, outliers and relation to snow depth are analysed using 

scatterplots (Figure 27). Highest positive values of Sx mean most sheltered sites. The sample 

contains only two negative sites, all the rest are more or less sheltered and show raising trend. 

West exposure does not show clear trend, but five deep sites are located in east aspect (1 

indicates west aspect, -1 east and 0 north or south). Plan curvature shows decreasing snow 

depth toward convex sites. Connection is based on few sites only, for instance deep sites are in 

flat terrain (close to 0 curvature). Heat load should have decreasing snow depth towards higher 

values which is only partially true. Slope angle shows also slightly raising trend, deep sites are 

concentrated in slopes between 7° and 10°. The birch forest with highest NDVI values has quite 

homogeneous snow depth around half meter depth. Higher elevations with smaller NDVI 

values do not show any pattern with snow depth.  

   

   

FFigure 27. Scatterplots of GIS-based variables selected for modelling.  

7.2 Field-based variables 

Field curvature had strongest correlation with snow depth. Field curvature has theoretical 

dependency to GIS-based curvature variables but correlation does not exist in in data. Instead, 

theoretical connection between elevation difference and GIS-based slope angle was also 

present in correlation comparison. Topographic heterogeneity does not have high contribution 



40 
 
to snow depth. Table 5 summarises the field-based variables, their collinearity issues and their 

correlation with snow depth. 

TTable 5. Field-based explanatory variables, collinearity and correlation with snow depth.  

Variable  Data collinearity and 

ddependencies in formulas 

Correlation 

wwith snow 

depth 

Selected for 

mmodelling 

Field cuurvature No (not with GIS-based 

curvatures even the theoretical 

connection exists) 

-0.5 Yes 

Elevation difference  Theoretical dependency and 

mutual correlation of 0.6 with 

slope angle.  

0.3 Yes (not with slope 

angle) 

Topographic 

hheterogeneity 

No 0.03 No  

 

Figure 28 presents scatterplots of field-variables with snow depth. Field curvature observations 

are more evenly distributed to the whole range as GIS-based curvatures, and deeper snow is 

located in concave sites. Elevation difference scatterplot does not show clear patterm, also 

deep sites are spread in wide range. Deep sites have less than median topographic 

heterogeneity, but also the most heterogeneous sites have snow depth above medium. 

   
Figure 28. Scatterplots of field-based variables with snow depth. 
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7.3 Model fitting and comparison 

Models were fitted with GIS-based variables and with combined sets of GIS- and field-based 

variables. Because Gaussian models had difficulties in filling the model assumptions, models 

were also built with Gamma distribution. Identity, logarithmic and inverse link functions were 

tested with both distributions. Each combination of distribution and link received different set 

of explanatory variables in step vice variable selection. Inverse link models received only one 

explanatory variable (Sx) and were not taken into comparison. For all variables the maximum 

of degrees of freedom was set to 4, which is checked to be large enough. 

Model assumptions were evaluated visually. Figure 29 shows diagnostic plots for Gamma-

log model with GIS-based variables. Both Gaussian models had trend between residuals and 

linear predictor, and violated the heteroscedasticity assumption. Also their histograms and QQ-

plots indicated that residuals do not follow the normal distribution. Both Gamma models fill 

the assumptions better. The common problem in all models is visible in scatterplot between 

response and fitted values. This relation should be visible, but plots indicate models have 

difficulties especially with deep values. As there is no strict limit for acceptance criteria, 

Gaussian models were also included in comparison.  

 
FFigure 29: Diagnostics of Gamma log model with two GIS-based explanatory variables. 
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Models are compared based on error statistics from training and validation residuals within 

samples. MAE and RMSE are consistent in ordering model performance, both error statistics 

are lowest for Gaussian-log model in training sample while all models receive similar errors 

from evaluation. Robustness is evaluated with relation of training and evaluation errors, 

Gamma models which received higher error already in training sample were more robust 

according to the error metrics. In general differences are small. As a summary of GIS-based 

models, Gamma models are more suitable for prediction, and model selection can be made 

based on explanatory variables.  

Combined models demonstrate similar behaviour in validation. Gamma models are again 

more reliable for prediction. Gaussian-identity and Gamma-log models have same set of 

variables, Gaussian –identity outperforms the Gaussian –log model in robustness and also 

filling the model assumptions.  

Willmott’s D is calculated to compare models between samples. Combined models 

receive higher D-values in both training and evaluation phases indicating better fit. Combined 

models have more explanatory power and give more accurate predictions. Best model 

according to Willmott’s D is Gamma – log model with field curvature, Sx and elevation 

difference as variables. Tables 6 and 7 summarise model variables, assumptions and error 

statistics for GIS-based and combined models, respectively. 
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TTable 6. Model evaluation for GIS-based models. Abbreviations used: RMSE (Root Mean Square Error), 

MAE (Mean Absolute Error), LOOCV (Leave-one-out-cross-validation). 

Model  Gaussian  -  
identity  

Gaussian  -  log  Gamma  -   iidentity Gamma -- llog 

Explanatory 
vvariables 

4: Sx, plan 
curvature, slope 
angle, exposure 
index 

5: Plan curvature, 
exposure index, Sx, 
slope angle, NDVI 

4: Slope angle, sx, 
plan curvature, 
NDVI 

2: Sx, plan 
curvature 

Does the 
mmodel fill 
assumptions?? 

No No (better than 
Gaussian - identity) 

Yes Yes 

Explained 
ddeviance 

33% 47% 48% 21% 

RMSE  (ccm) 30 26 35 33 
RMSE of 
LLOOCV (cm) 

34 34 36 34 

RMSE / 
LLOOCV RMSE 

0.88 0.76 0.97 0.97 

MAE (cm)  22 20 25 23 
MAE of 
LLOOCV (cm) 

26 25 26 24 

MAE / LOOCV 
MMAE 

0.85 0.8 0.96 0.99 

Willmott’s D  0.68 0.8 0.63 0.57 
D of LOOCV  0.57 0.58 0.51 0.50 
D(LOOCV) / D  0.84 0.73 0.81 0.88 
Comparison  Medium in all 

scales but does 
not fill the model 
assumptions. Not 
used.  

High explained 
deviance and 
lowest error in 
training. Least 
robust in all 
measures, not for 
prediction. Suits 
exploring the 
relationship 
between snow 
depth and 
explanatory 
variables. 

Highest explained 
deviance but also 
highest error 
values (RMSE and 
MAE) in training 
and evaluation.  

Lowest explained 
deviance. Most 
robust based with 
medium evaluation 
error. 
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TTable 7. Summary of combined model evaluation. Abbreviations used: RMSE (Root Mean Square Error), 

MAE (Mean Absolute Error), LOOCV (Leave-one-out-cross-validation). 

Model  Gaussian  -  identity  Gaussian  -  log  Gammma -  identity  Gamma -- llog 
Explanatory 
vvariables 

3: Field curvature, 
Sx, elevation 
difference. 

6: Field curvature, 
elevation 
difference, plan 
curvature, 
exposure index, 
NDVI, Sx. 

4: Sx, exposure 
index, field 
curvature 

3:Field curvature, 
Sx, elevation 
difference 

Does the 
mmodel fill 
assumptions
?? 

No (better than 
Gaussian-log) 

No Yes Yes 

Explained 
ddeviance  

47% 63% 37% 31% 

RMSE (cm)  26 21 30 27 
RMSE of 
LLOOCV (cm) 

31 33 31 31 

RMSE / 
LLOOCV 
RMSE  

0.84 0.64 0.97 0.87 

MAE (cm)  18 17 21 20 
MAE of 
LLOOCV (cm) 

22 23 22 22 

MAE / 
LLOOCV MAE 

0.85 0.72 0.95 0.94 

Willmott’s D  0.79 0.90 0.68 0.75 
D of LOOCV  0.65 0.62 0.64 0.65 
D(LOOCV) / 
DD 

0.82 0.69 0.94 0.87 

Comparison  Medium in RMSE 
and MAE but 
Gamma – log 
model with same 
explanatory 
variables performs 
better in 
evaluation.  

Best fit in training 
but not filling 
assumptions and 
least robust model. 
Not used. 

Medium in all 
scales robust 
model. Good for 
prediction. 

Lowest deviance 
with medium 
errors. Robust 
model. Good for 
prediction. Best 
according to 
Willmott’s D. 
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7.4. Explanatory variable’s influence to snow depth 

Explanatory variables Sx and plan curvature contributed to all GIS-based models and Sx also to 

all combined models. Field curvature contributed to all combined models. Slope angle, 

exposure index, NDVI and elevation difference contributed only some models. The smooth 

function shapes for variables are similar in all models, indicating variable independency.  

Figure 30 presents the smooth plots of five variables of Gaussian – log model. Sx and plan 

curvature present straight smooth functions, indicating linear connection to snow depth. When 

Sx angle grows and location becomes more sheltered, the snow depth grows. Plan curvature 

has opposite effect, the more concave and sheltered the location is, the higher the snowpack. 

Slope angle influence on snow depth has higher degree of freedom compared to other 

variables. The snowpack is highest is in mild angles around 7° where the confidence interval is 

also narrowest. The behaviour of slope angle is not directly applicable to theory. Slope angle 

impacts many processes, e.g. wind sheltering and radiation, but it’s not alone representing 

them. Exposure index and NDVI show quite similar weak parabolic shape with confidence 

intervals growing to both ends. Both NDVI and exposure index include zero in their 95% 

confidence interval for most of the range, meaning they can influence the result with either 

negative or positive contribution in predictions. The rug indicates the location of observations 

in relation to the smoother, in areas where the observations are scares, the confidence intervals 

grow as prediction is based on less data.  
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FFigure 30. Smoother shapes of five explanatory variables in Gaussian – log model.  

Heat load was contributing to some of the models, but it was removed from models as the 

smoother shape was clearly opposite to theory: Snow depth increases with the heat load 

(Figure 31). Slope and west exposure replaced heat load in variable selection. 

 
Figure 31. Heat load smooth influence is not consistent with theory. 

Field curvature contributed to all four combined models. Field curvature smooth function 

shape is slightly more curved, and not so steep, when compared to plan curvature. Elevation 

difference smooth function raises strongly at 250 cm, but it’s based on few observations only. 

Gamma-log model presents similar raising trend for elevation difference, which gives more 

confidence in the variable behaviour. Figure 32 presents the Gaussian-identity model variable 

behaviour. 
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FFigure 32. Variable behaviour in Gaussian-identity model. 

7.5 Residual analysis 

Local autocorrelation of model residuals is inspected with residual bubble plots. GIS-based 

Gamma-log model residuals are presented in Figure 33 and combined Gamma-identity model 

residuals in Figure 34. Bubble plot for 63 snow depth observations is already presented earlier 

(Figure 23). No pockets of similar residuals are visible in residual bubble plot, it’s quite safe to 

assume spatial autocorrelation is not problem in the study area snow depth distribution. Same 

applies to other models built.  

The large residuals visible in both bubble plots are more significant problem. The spatial 

outliers, five deep snow values, have large positive residuals in the model. Large negative 

residual result from highly too large predictions for shallow snowpack sites. GIS-based models 

have many small residual sites, but the high residuals are higher than double of snow average. 

Combined model has similar problems. Common observation of model residuals is that all 

Gamma models and Gaussian models with logarithmic links are able to predict also high 

snowpack values, while Gaussian-identity model is not.  
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FFigure 33. Bubble plot of GIS-based Gamma-log model residuals (cm). 

 

 
Figure 34. Bubble plot of Combined Gamma-identity model residuals (cm). 
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8. Discussion  

8.1. Processes impacting the snow depth in study area 

Wind and topography interaction is clearly most influencing process to snow depth in study 

area. Important explanatory variables in correlation analysis and models built with snow depth 

were all dependent on wind and topography interaction. From GIS-based variables, Sx and plan 

curvature were most important. Exposure index, NDVI and slope angle contributed to some of 

the models but lack strong influence to snow depth.  

Upwind exposure Sx towards west sector (from 250° to 300°) and with 200 m searching 

distance, was the most important GIS-based variable in this study area. Many earlier mountain 

show studies, after it was defined by Winstral et al. (2002: 525 – 529), found it most important 

variable (e.g. Molotch et al. 2005: 1463; Tabari et al. 2010: 628; Schirmer et al. 2011: 4; Marofi 

et al. 2011: 1421; Schön et al. 2015: p. 21, 23 - 25)  

While Sx represents both wind direction and speed, surface wind velocities are highly 

dependent on curvature (Mott et al. 2010: 556). Plan curvature was clearly more important 

than profile curvature in this study area. Plan curvature was also important as for Gharaei-

Manesh et al. (2016: 31). Mean (general) curvature was one most contributing variable for 

Lopez-Moreno et al. (2010: 1921). Revuelto et al. (2014: 1994, 2001) found TPI, which is closely 

related to general curvature, most important variable. They also had profile curvature as a 

candidate, but it didn’t indicate high contribution. Is using average curvature measure better 

than one of the components? With small samples the pure change may influence the 

comparison. In this study area range of plan curvature was six-fold compared to profile 

curvature. Nevertheless, range was not evenly spread, most of the sites were close to zero with 

only few sites in the tails. It provides a weak indication that terrain in the area is more curved 

in horizontal direction. 

Exposure index towards west was clearly less important than Sx, even they have similar 

connection to theory. Sx allows the wind sweep snow away also from aspects not directly 

headwind if they are not sheltered by topography, while exposure index is just a scaled aspect. 

Slope angle contribution to the snow depth is difficult to explain with theory, even it has been 

used in earlier mountain snow depth models (e.g. Ericson et al. 2005:15; Revuelto et al. 2014: 

2001). According to results, snow depth increases with slope angle from flat to 7° in this study 
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area, it may have connection to flat areas exposedness or other processes.  

Vegetation impact is most important in the mountain birch forests with highest NDVI 

values. Forest hosts relatively even snow depth. In open areas above the forest snow depth has 

high variation, independent of vegetation gradient. Also vegetation impact relates mainly to 

wind and shelter the forest provides. Dvornikov et al. (2015) found shrub vegetation height 

determines the snow depth especially on convex tundra sites. Winstral & Marks (2014: 294) 

compared snow depths of different treeline species: fir, aspen and willow. Wang et al. (2015) 

found strong connection with NDVI and summer snow depth. NDVI has not been commonly 

used in mountain snow depth modelling.   

Elevation, representing orographic precipitation, was not contributing to the snow depth. 

The area elevation range of 500 m might not be sufficient for showing the elevation impact. 

Also the forest mixes the elevation gradient by providing wind shelter to higher than average 

snow cover. Heat load was discarded as the impact was opposite to expected. Radiation has 

been important explanatory variable in snow models built in lower latitudes, e.g. Pyrenees 

(López-Moreno & Nogúes-Bravo 2005: 3169, 3172; López-Moreno et al. 2010: 1918; Revuelto 

et al 2014: 1994). The sun does not have significant decreasing influence in snow depth during 

maximum snowpack time in the study area. Figure 37 summarises the most important 

processes and GIS-based variables for snow depth variation in the area.  

 
FFigure 37. Processes and GIS-based variables impacting snow depth in the study area. Orange processes 
were important for snow depth in the study area. Grey processes do not impact the snow depth variation. 
Blue variables were most important in modelling.  
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Comparison of field variables to their calculated counterparts shows field variables have higher 

correlation with snow depth. Field curvature outperforms plan curvature. Comparison of 

scatterplots of plan and field curvatures explains the difference: field curvature values are quite 

evenly distributed to the whole range while plan curvature has most of the sites near zero. Also 

field elevation difference calculated slope angle. The accuracy is better as a person in the site 

can estimate the surrounding terrain better than calculations from 10m grid (Jenness et al. 

2013: 45 – 57). Topographic heterogeneity was not contributing to the models.  

8.2. Deep and shallow snow cover appearance  

The five distinctly deeper snow depth observations show common pattern in relation to snow 

depth (Figures 27 and 28). While all the other sites have snow depths below 70 cm, the deep 

sites snow cover is between 120 cm and 170 cm. Visual assessment can give ideas of further 

studies as number of deep sites is too small for statistical analysis. The deep observations are 

not spatially clustered, three of them are quite close to each other but there is also shallow 

sites in their neighbourhood while two deep sites are distinct (Figure 23). 

Deep snowpack was found from sheltered locations with horizon angles near 10°. West 

exposure index located the deep snow sites at north-east and south-east aspects. Plan and 

general curvature set deep snow sites in nearly flat terrain while field curvature indicated deep 

sites are medium concave. Deep sites are found in slopes between 7 to 10°. Figure 38 shows 

example of deep snow site (159 cm), while within three meters the bare ground is visible.  

Drifts have been investigated in Alpine environment by Winstral et al. (2002: 529 – 530) 

through cornice-formation process. In this study area the topography is too rounded for large-

scale cornice formation. Method selection could also help with discontinuous snow depth 

distribution. Commonly used decision trees are able to process discontinuous data better than 

regression methods, which would benefited deep snow cover modelling (Revuelto et al 2014: 

2004) Also neural networks are free with assumptions for sample distribution (Buckingham et 

al. 2015). 

Opposite to deep sites, shallow snow cover is not at all clustered in ranges of explanatory 

variables. Shallow observations are not very well modelled with explanatory variables in 

resolution used. If the average snow depth would have been higher, shallow observations 

would have been spread wider within explanatory variables ranges. Figure 39 shows examples 
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of shallow sites. 

 
FFigure 38. Deep site with 159cm snow depth. Bare ground is visible within few meters. (Photo by author). 

 
Figure 39. Examples of shallow sites. Some sites have thin ice cover while others have also partially bare 
ground. (Photos by author). 
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8.3 Model comparison and usage 

Snow depth in windblown environment is positively skewed with only occasional deep drifts in 

the long tail. Gamma-models were filling the model assumptions better and were more robust 

for predicting when compared to Gaussian models. Winstral & Marks (2014: 300) came to the 

same conclusion after comparison. According to MAE and RMSE, the differences between 

models are quite small.  

The best GIS-based model for predicting the snow depth variability in the study area is 

Gamma-log with two variables, Sx and plan curvature. Model was quite robust in evaluation 

and had slightly lower MAE and RMSE than Gamma-identity model. Both explanatory variables 

in the model have solid theoretical background and influence is clear on the whole range. 

Weakness especially visible in plan curvature is, that the large parts of the range are sparsely 

covered. GIS-based model can be used for predicting snow depth variation to the study area. 

Combined models had a bit lower MAE and RMSE, but they can predict only to sites where 

field-variables have been collected.  

For estimation of snowpack insulation, the shallow and mid-scale values are more 

interesting than actual depth of deep sites (Groisman & Davies 2001: 18 – 27; Pomeroy & Brun 

2001: 45 – 47). Model could be optimized with the usage in mind. With available sample, 

optimisation of medium range snow depth prediction accuracy would be possible by leaving 

out the five deep values.  

Model is wished to be extrapolated to larger INFRAHAZARD project area. Extrapolation 

area would include 350 m higher elevation, and also northerly slopes of the mountains. Higher 

elevations should have higher average snowpack, and stronger winds (McClung & Schaerer 

2006: 25 – 29, McKay & Gray 1981:154, Pomeroy & Brun 2001: 50, 53). Wind effect is well 

covered in models with Sx, curvature measures and exposure index. Wind direction in Sx might 

be sufficiently covered with current 50° sector. Elevation impact is missing the models. 

8.4. Model accuracy 

Model prediction accuracy is dependent on data accuracy and relevance to theory as well as 

the modelling method selection. Larger sample would have equalled stronger variable relations 

to snow depth. The snow sample distribution is actually not continuous, deep observations are 

distinct from other distribution. Larger sample could have provided more continuous data.  
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Also resolution impacts to model accuracy. Lopez-Moreno et al. (2010: 1924 -1925) show that 

model built with 20 m grid and sample size of 100 improves more by halving the grid than 

doubling the sample, they did not study grids smaller than 10 m. Mott et al (2010: 546) show 

10m grid is enough for modelling also snow drift when sample is larger. Dvornikov et al. (2015: 

56, 60-61) used 5 m x 5 m grid to be able to achieve curvature measures detailed enough in 

tundra environment. Their elevation range was only 56 m, with small-scale features the grid 

needs to be more detailed. As field curvature outperformed all GIS-based curvature values in 

this study, it gives strong indication that improving the DEM resolution finer than 10 m x 10 m 

would improve the GIS-based curvature measures and the model performance. 

Snow depth shows large variation also in smaller scales than DEM resolution. Figure 38 

shows an example of subgrid variation from most southern deep outlier site, and Figure 40 in 

shallow site. In both cases moving few meters would have given quite different result. These 

figures give idea, why the explained deviances are not very high. With very small grid, for 

instance laser-scanned snow depths and 1 m x 1 m DEM used by Schön et al. (2015: 21 - 25) 

subgrid variation would not be a problem. For larger grid, the stochastic component in 

statistical models is relatively large in addition with other uncertainties. Snow is filling small 

concavities during the winter, according to Mott et al. (2010: 553 – 557) scale was 40 m in 

Alpine environment. To avoid subgrid variation, resolutions used in explanatory variables 

should be below the filling length. To the contrary, Grünewald et al. (2013; 3012 – 2013) 

recommend grid size of 400 m x 400 m which is large enough to hide the small-scale variation 

of the snow cover.  
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FFigure 40. Shallow site as an example of high subgrid variation. Moving few meters to any direction from 
the measurement site would have resulted in near-average snow depth. (Photo by author). 

Accuracy of snow measurements with snow probe is about 5cm. Error of tens of centimetres 

might occur if the ruler reaches large stone instead of the ground, especially with deeper snow. 

Compared to other inaccuracies, this is one of a least concern. Handheld GPS devices used to 

find the pre-defined measurement sites claimed to work at 3 m accuracy but devices were not 

all the time showing stable behaviour. In situations like Figure 38 or 40, even 3 m GPS error 

would make big difference to the measurement. If DEM would have higher accuracy, also the 

positioning of the measurement sites should be more accurate. 

The ranges of explanatory variables were not equally covered. For instance plan curvature 

values are concentrated in the middle range while both tails have just few values. Exposure 

index is missing north-facing slopes other than small ravines. For elevation and NDVI, larger 

range could have helped their contribution to the model. Lopez-Moreno et al. (2010: 1916) had 

measurement site selection strategy to conduct snow measurements in maximum possible 

range of explanatory variables. Grunewald & Lehning (2015: 1726) pre-selected the 

representative snow depth measurement sites by northing, elevation and slope angle, but their 

strategy did not improve the model. In this work the predictors were not identified before field 
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work. 

The main wind direction used in Sx calculation was estimated with correlation analysis, 

and one average value used for the whole study area. In reality, wind varies in the area 

according to terrain based on original direction (Kind 1981:342, Winstral et al 2002: 524 – 525; 

Mott et al 2010: 549 – 551). More fine-grained wind directions could impact modelling 

accuracy. Most important wind direction would the direction snowstorm (Pomeroy and Brun 

2001: 48, 52 – 59; McClung & Schaerer 2006: 31). This kind of data might exist in areal scale.  

Meaningful subarea division would improve the accuracy with larger samples. Marchand 

& Killingtveit (2005) divided their south-Norwegian mountain area to birch-forest and open 

areas, and found the division meaningful. Schirmer et al. (2011: 12 – 13) separated windward, 

leeward and cross-loaded slopes. Dvornikov et al. (2015) classified terrain by curvature to 

convex and concave areas. Winstral & Marks 2014: 294) did areal subdivision by tree species. 

As wind and terrain interaction is mainly responsible of the snow distribution, subarea 

division could be done according to rough wind impact. Birch forest would form one sub-area. 

The Geaidnojohka river valley is a terrain formation that potentially turns the wind outside of 

west sector and could be a sub-area. Residual bubble plots show that most sites in upper valley 

bottom (above birch forest) have negative residuals meaning there is less snow than the models 

predict. Sub-area division needs larger sample.  

8.5. Interannual consistency  
High importance of wind in the snow distribution may indicate it’s not consistent interannually.  

Sturm & Wagner (2010: 3) classified explanatory variables to dynamic and relatively stable. Sx 

is dynamic parameter as it is dependent on wind direction and speed. Using constant average 

to a larger sector is more consistent, compared to Schirmer (2011: 12 – 13), who used Sx 

according to detailed wind measurements. Curvature does not change dynamically but the 

impact is dependent on wind speed. NDVI relatively stable parameter. Revuelto et al. (2014: 

1990, 2004) did two-year study with several measurement campaigns. In their models the 

importance of Sx varied between models, but TPI stayed most important every time. Schirmer 

et al. (2011: 15) had two-year study which showed the Sx controlled the snow depth variation. 

Their model was consistent in snow distribution pattern but failed just with the magnitude of 

snow.  
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According to MERRA2, the snow depth (Figure 17) and wind force components (Figures 18 and 

19) variate between years (Rienecker et al. 2011). The variation has different components, for 

example NAO’s 11-year period (Thiéblemont et al. 2015: 2-3), and the connection to snow 

depth (Irannezhad et al. 2015), is just one explanation. Both wind components in winter 

months have been positive in most of the 36 years period. It’s quite safe to assume that winds 

from the same directions, west and south, continue to dominate in future. However, the 

average snow depth and wind force will variate, which may have impact to snow drifts spatial 

variation (Marchand & Killingtveit (2005: 367). Studying of snow magnitude impact to snow 

spatial distribution would require multi-year study. 

Changing winters are impacting also the snow density, which changes the insulation 

properties (Callaghan et al. 2011). When snow density is doubled with mid-winter rain on snow, 

the thermal resistivity goes eight times smaller (Pomeroy and Brun 2001: 89). For snow’s 

insulation effect, the changes in density may be as important as the snow depth change. 

9. Conclusions 

The aim of this study was to analyse the spatial variability of the near-maximum snow depth at 

a local scale and provide a statistical model for estimating the snow depth distribution. Wind 

and topography interaction is the main cause of the local scale variation in the snow depth.  

Terrain sheltering from westerly winds and concave topography show increase in snow depth. 

Vegetation impact to the snow depth variation was only found in the mountain birch forest, 

snow depth was quite even in the forest. No other influencing processes were verified. Both 

factors, wind direction and speed,impact the snow distribution.  

The spatial distribution of the snow depth in the study area can be predicted with 20 - 25 

cm Mean Average Error. Modelling was done using General Additive Modelling (GAM). Gamma 

distribution excels Gaussian in robust predictions. The shallowest sites are difficult for the 

models, the problem might lie in large subrgid variation. The shallow snow depth observations 

do not show any behavioural patterns in the explanatory variable’s ranges. Also deepest sites 

are problematic for modelling. The problem may arise from a small sample size, there were 

only five distinct deep snow sites. Also the distribution of the snow observations was 

discontinuous. 
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Set of reasonably well-working GIS-based variables were found. Upwind exposure, Sx, had 

clearly the highest explanatory power. Because wind observations were not available, dominant 

wind direction was estimated with correlation analysis from snow depth. Plan curvature 

completes Sx in the models. In this study area, curvature had larger range in horizontal than 

vertical direction, leading to plan curvature’s stronger contribution to snow depth in 

comparison with other curvature measures.  

Also combined models with GIS-based and field-based variables were built. Field-based 

variables were more accurate than corresponding GIS-based variables. Field curvature 

outperformed GIS-based plan curvature in combined models. GIS-based models can be used 

for predicting the snow depth for the study area, while field-based models can only predict the 

snow depth for sites with field observations.  

Improvement ideas for the next snow depth study are also considered. With larger 

sample modelling accuracy would be better and areal sub-division to logically meaningful units 

would be possible. At least the birch forest could be separated from the open area. Also usage 

of finer-resolution DEM, if it exists, would benefit especially curvature measure and the model 

accuracy.  
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