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Abstract
Snow plays an important part in the hydrology of high latitude and mountainous areas. In

Norway about 30% of the annual precipitation falls as snow. Therefore it is important to

properly quantify the seasonal snow cover in Norway. In this study a method to calculate

regional snow-line elevations (RSLE) was evaluated in 70 catchments in Norway to see if

the method is a viable option in the difficult conditions faced in Norway and if so can the

results be used to study melt behavior in those same catchments. MODIS snow cover

maps were used as input data when estimating the RSLE. An alternative approach used

seNorge to calculate RSLE. The results from the seNorge RSLE calculations were used

both to assess the reliability of the MODIS RSLE as well  as for subsequent analysis

regarding the climatology of the catchments. The two datasets were compared to see the

effects of cloud cover has on them and if the RSLE would could provide a simple viable

alternative to snow cover area (SCA) estimations as well as if the RSLE dataset could be

used to identify melt periods and the factors driving variability in them. The method was

implemented in all the catchments over the period from 2000 – 2016. Results show that

when  the  SCA estimated  using  MODIS and  seNorge  data  is  compared,  cloud  cover

within the catchments has significant effect on the fit between the two datasets while the

clouds have hardly any effect on the RSLE estimated from the same datasets. Based on

the seNorge RSLE melt  slopes were estimated using the duration of melt  period and

elevation change in RSLE during melt period. Analysis of factors effecting variability in

melt slopes suggest that, the elevation range, mean elevation and peak SWE are the factor

that most affect melt slope variability. The effect of rain on snow events on melt slopes

indicated that they had no significant effect on melt slopes as they are estimated in this

study. The melt slopes estimated using RSLE data seem to give some indications of what

drives melt rates but is not a very robust indicator. The RSLE method is promising and

seems to work well in the conditions faced in Norway but needs further validation using

observations. 
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1. Introduction

Some of the biggest problems facing earth sciences today is quantifying the relationships

between different  earth systems and modeling those relationships  so as  to  be able  to

predict the effects changes in one or more system has on the others. These interactions

between earth systems are crucial when determining the effects of climate change (Moss

et al. 2010). In the northernmost latitudes a big part of the hydrosphere consists of frozen

water  otherwise  known  as  the  cryosphere.  The  cryosphere  is  an  important  storage

component  for  fresh water  in  the hydrological  cycle,  both seasonally and year  round

(Barnett,  Adam,  and  Lettenmaier  2005;  Intergovernmental  Panel  on  Climate  Change

2014). Seasonal snow covers around 40% of the northern hemisphere during it’s seasonal

peak size  (Hall,  Riggs,  and Salomonson 1995) and is  the  most  prevalent  land cover

during the winter season as well as that around half of the worlds population relies in

some way on freshwater runoff from mountainous regions  (Viviroli et al. 2007). On a

global  scale  snow  cover  has  a  significant  impact  on  the  global  energy  budget

(Intergovernmental  Panel  on Climate  Change 2014).  Snow cover  provides  insulation,

reducing loss of outgoing energy from the earth and a highly reflective surface of which

incoming solar radiation is reflected of in a bigger quantity than most other surface types

(Klein,  Hall,  and  Nolin  2000).  On  the  regional  scale  this  snow  cover  can  play  an

important role in energy production and reservoir management, flood hazards, irrigation

and as drinking water  (Tekeli et al. 2005; Vikhamar and Solberg 2003). Since seasonal

snow is an important factor in the local hydrology in mountainous regions and at high

latitudes, like Norway, proper quantification and treatment of the snow pack is needed to

properly forecast seasonal runoff. The quantity and temporal variance of the runoff is

highly important to a wide range of sectors such as flood forecasting, road administration,

the hydropower industry, and many more who rely on this information for their planning.

To get an overview of the factors that affect snow melt a wide range of observations need

to be done. Data on the amount, distribution, composition and melt rates of snow is very
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important because without that information there is little we can do to estimate potential

water available in the snow, when it will produce runoff and where that runoff will flow

which is important information to the sectors mentioned above. Obtaining that data can

be very difficult since snow, especially in northern-latitudes and high altitudes can cover

vast areas in terrain that is not accessible to researchers.

1.1 Snow-line

Snow line is the limit between areas where the upper area is covered by snow and the

area below is free of snow cover. These snow-lines change altitude throughout the year as

temperature changes, except in areas above the perennial snow-line, which is the line

where the area above it is covered in snow or ice year round. Perennial snow-lines are

used as climatic  indicators by tracking changes in them over time  (Kerr  and Sugden

1994), while changes in seasonal snow-lines can be used as indicators of climate change

they can also be used in seasonal prediction of snow conditions in an area by tracking it’s

movement (Krajčí, Holko, and Parajka 2016).

Snow lines  can  be  used  to  determine  snow cover  in  areas  where  other  methods  for

assessing the extent of the snow-cover are not viable, such as in areas where frequent

12

Figure 1: Snow line observed on Ben Nevis in Scotland (Picture
obtained from http://cromwell-intl.com/travel/uk/ben-nevis/)



cloud  cover  obstructs  satellite  photos  or  areas  where  topography  might  make  such

assessments difficult. If snow conditions in an area are determined to be homogeneous it

can  be  assumed that  all  area  above the  snow-line  is  covered  in  snow,  and by using

elevation maps a snow cover area (SCA) value can be estimated for the area. Several

methods exist for estimating snow-line elevations such as visible observations, estimation

through differences in snow measuring stations and remote sensing methods.

1.2 Objectives

Several  objectives  were  outlined  in  this  study:  I)  evaluate  a  method  for  estimating

regional snow-line elevations or RSLE using MODIS snow maps (Krajčí et al. 2014) in

Norway, II) test if the seNorge snow cover maps are a viable alternative to MODIS snow

cover maps when estimating RSLE, III) test if it can provide a good alternative to SCA in

areas where it is difficult to obtain SCA estimates; and IV) verify if RSLE estimated with

this  method  can  be  used  to  estimate  melt  periods  and  study  the  processes  driving

variability in melt slopes.

To achieve these objectives the RSLE method will be implemented using both MODIS

and seNorge snow-cover maps in 70 catchments in Norway. The method allows for the

calculation of RSLE quickly over large areas using the MODIS snow cover area product

combined with a digital elevation model and a user defined area. In this study the results

of this method used on the MODIS snow cover area dataset and on the seNorge modeled

snow cover area dataset are compared with the objective to see if the method is a viable

option  when  quantifying  seasonal  snow  cover  and  estimating  regional  snow-line

elevations in Norway. The resulting RSLE datasets will then be analyzed to estimate melt

periods and to identify the parameters affecting variability in melt slope.
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Figure 3: A map of Norway showing the catchments used in this study.

Figure 2: Map of Norway.



1.3 Study Area

For  the  study,  seventy  catchments  in  Norway  were  chosen.  These  catchments  were

chosen  to  be  distributed  through  all  of  Norway,  covering  different  geographical  and

climatic areas and to be located such as there would be a discharge measuring station

located close to the outlet of the catchment or somewhere where the discharge out of the

catchment could be easily measured.  Norway has a coastal  line bordering the North-

Atlantic ocean and the Barents sea as well as being at high latitudes, ranging from 58°N

to 71°N covering an area of 365.123km2  of which about 0.7% is glaciated (Excluding

Svaldbard) (NVE 2009). Since Norway lies at high latitudes a significant portion, up to

30%  (T. M. Saloranta 2012), of the yearly precipitation falls as snow. The catchments

selected range in size from 1.48km2 to 888km2 and as well as having a big range in

elevation, maximum, minimum and the elevation range there in between  (NVE 2014).

The catchments can be seen in figure 4.  Norwegian climate is  heavily influenced by

westerly  winds bringing moisture  from the Atlantic  ocean.  This  moisture precipitates

15

Figure 4: The catchments used in the study.



heavily  as  it  moves  over  the  Scandinavian  mountains  located  primarily  in  western

Norway  (Figure  3)  due  to  orographic  lifting,  causing  high  precipitation  rates  up  to

3800mm annually in western Norway (Figure 5) while precipitation in the eastern part is

mainly  dominated  by  southeasterly  winds  (Uvo  2003).  The  Norwegian  hydropower

industry is heavily invested in the area with majority of the power production located in

western Norway and Nordland county (Bogstrand 2008) due to these high precipitation

rates. During winter most of the precipitation, especially up in the mountainous areas

precipitates  as  snow  resulting  in  a  significant  amount  of  snow  depositions  in  the

mountains, up to 3000mm water equivalent (Figure 5). This snow is important as a source

of water for the hydropower industry and the people living in the area, but can also be a

threat as big amounts of snow can trigger avalanches as well as flooding events, which

are frequent in the area, especially when high amounts of liquid precipitation are mixed

with snow melt (Dyrrdal et al. 2012). Accurate quantification of snow pack is important

in  Norway,  especially  in  the  regions  with  the  highest  amounts  of  snow  to  better

understand the processes involved in snow accumulation and melting and how it affects

the environment around it.

We chose to investigate whether previously delineated precipitation regions are related to

RSLE. Norway has been split into 13 precipitation regions based on long-term trends and

16

Figure 5: Annual mean temperature, precipitation and SWE for the period 1961-1990 (Dyrrdal et al. 2012;
Schuler et al. 2006).



variability of monthly precipitations on a decade scale (Inger Hanssen-Bauer and Førland

1998). These regions were then further split by 6 temperature regions defined using a mix

of principal component analysis and cluster analysis (I Hanssen-Bauer and Nordli 1998)

and further split  at  1000 meter  elevation to  separate  them into highland and lowland

regions  (Dyrrdal et al. 2012). The catchments used in this study were sorted by these

regions to test if they had similar characteristics within each region and thus if it was

possible to predict melt behavior based on these regions (Figure 6). 
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Figure 6: The figure illustrates the different snow regions of
Norway (Dyrrdal, Isaksen, Hygen & Meyer, 2012)



1.4 Quantification of snow

To quantify snow and the water stored in it, the snow cover, snow density and density

distribution has to be measured.  Snow water equivalent (SWE) is  of great interest  to

hydrologists. SWE is the amount of water contained in the snow pack and thus important

when predicting the amount of runoff that will result when the snow pack melts. SWE is

hard to measure as both snow density and depth are required to calculate SWE. SWE is a

function of the snow depth (Hs), snow density (ρb) and the density of water (ρw) as shown

in  equation  1.  Several  methods  for  quantifying  snow  exist  with  a  high  degree  of

difference  in  spatial,  temporal  and  density  resolution  and  accuracy.  To  get  the  most

accurate measurement of snow the most common procedure is to use a combination of

ground measurements and remotely sensed data, sometimes in a mix with modeled data.

SWE=H s⋅
ρ b
ρw

Equation 1: Equation for calculating SWE where Hs is the Snow depth, ρb is bulk density of snow and
ρw is the density of water.

1.4.1 Ground based methods

Ground based methods for  estimating snow pack can be split  into two categories:  I)

Stationary  ground  measurement  stations  and  II)  Manual  field  measurements.  Several

types of stationary ground measurement stations measuring snow exist, the most common

being  a  bucket  that  weighs  the  precipitation  that  falls  into  it.  These  types  of

precipitation/snow gauges record the SWE but lack the snow depth and density. These

stations can be highly influenced by wind because of the size and weight of the snow

flakes. To tackle the problem with wind error it is common to use windshields that reduce

the effect of wind around the sensor.  These shields can also introduce new errors by

changing wind patterns and are the subject of studies working on quantifying those errors

(Rasmussen et  al.  2012). Several other types of sensors are used but not to the same

extent as the bucket sensor. These include optical sensors that estimate the amount of
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snow passing through them, snow pillows that measure the weight lying on them giving

the  SWE and snow depth measurement  stations  that  measure the  distance  between a

sensor and the top of the snow pack (Rasmussen et al. 2012). Manual field measurements

are important as well as they can give an accurate snow depth and density measurements

over a wider area than the stationary measurement gauges, but usually lack the temporal

resolution of the stationary gauges due to cost and time limitations of sending people into

the field to do those measurements. The most common method is to measure the depth of

the snow pack using a probe and measure the density by weighing a snow column of a

known volume. It is common to use a cylinder of a known volume to sample a column of

the total depth of the snow pack and weighing it’s content. The volume divided by the

mass gives the bulk density of the snow pack. Another more experimental method is to

use ground penetrating radar that is moved over the snow pack gathering information on

depth and layering within the snow pack. This can be done either by dragging the device

manually or attaching it to a motorized vehicle. This method gives information on depth

and layering but lacks the density and the spatial distribution as it is limited to narrow

cross sections (Richardson et al. 1997). 

1.4.2 Remote sensing methods

Data on a near global scale and high temporal frequency, up to several observations a day,

can be obtained using remote sensing. These include both sensors deployed via airplanes

or other airborne vehicles as well as sensors located aboard satellites orbiting the Earth.

Satellites orbit the earth continuously gathering data on a wide range of climatic factors

and surface processes. Due to snows high reflectance and wide spatial distribution in the

Northern Hemisphere and several other areas (Hall, Riggs, and Salomonson 1995) remote

sensing using satellites is a viable option when quantifying snow distribution, but can

pose  difficulties  when  trying  to  estimate  snow  depth  or  density.  Some  of  the  most

common methods for remote sensing of snow is to use passive optical sensor located

aboard  satellites  such as  the  MODerate-resolution  spectral  Imaging Sensor  (MODIS)

located aboard the Terra and Aqua satellites,  the LANDSAT satellites  that  have been
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operated from 1972 with two satellite operational at this moment, the Advanced very-

high-resolution radiometer(NOAA/AVHRR) project that has been in operation since 1978

with four satellites operational at the moment and the SPOT program that has operated

satellites  since  1986  (Lillesand,  Kiefer,  and  Chipman  2008).  These  satellite  systems

operate on a wide range of the electromagnetic spectrum including the visible (0.3 – 14

μm), ultra violet (10 – 400 nm), near-, mid- and thermal infra red (700 nm – 1 mm)

wavelengths. These satellite systems provide valuable information on a range of climatic

and  surface  processes  such  as  cloud  cover,  ocean  processes,  vegetation  cover  and

composition, snow-cover and a range of other data useful to a wide range of disciplines.

Active optical sensors are also used when quantifying snow such as LIDAR. LIDAR is a

method  for  surveying  distance.  It  works  by  emitting  a  laser  towards  a  surface  and

measuring the time it takes for the reflection to reach the measuring system again, using

the time it took and the difference in wavelength to make assumptions about the object

being  inspected.  LIDARS are  commonly  used  in  the  generation  of  Digital  Elevation

Models  (DEM’s)  as  they  give  the  distance  from the  laser  emitting  instrument  to  the

surface of the ground. LIDARS can be ground based, airborn or spaceborn. It is common

to use airborn LIDARS when creating DEM’s and mapping the surface of glaciers as has

been done for all major glaciers in Iceland and is used to measure the volume changes in

the glaciers by comparing the glacier volume at different dates (Jóhannesson et al. 2013).

This method can be used to calculate the snow depth by calculating the difference in

surface  elevation  during  a  period  without  snow and with snow  (Deems,  Painter,  and

Finnegan  2013;  Lillesand,  Kiefer,  and  Chipman  2008).  Both  active  and  passive

microwave sensors are used in quantifying snow, these sensor can be useful as they can

penetrate the snow layer and give a range of information otherwise unattainable. These

sensors are though still limited due to being susceptible to errors in conditions of dry

snow as the backscatter  from the ground can cause errors and noise in the data,  and

therefore only wet snow can be recognized easily (Dietz et al. 2012). Some of the main

benefits of remote sensing using satellite born sensors is that they can provide data over

large areas with a high degree of temporal frequency. Since snow often covers large areas

and snow can be deposited and melted away quite rapidly, these satellite born sensor
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datasets  can  provide  valuable  data  when quantifying  snow with  the  main  drawbacks

being difficulty in penetrating cloud cover and getting accurate estimations in forested

areas or rough terrain (Frei et al. 2012).

To create snow maps from satellite data the data received needs to be classified and what

the  data  is  showing  identified.  Different  land  covers  reflect  radiation  at  different

wavelengths and have different reflection rates (albedo). Based on the reflectance of the

surface  being  inspected  at  different  wavelengths  a  wide  range  of  surfaces  can  be

identified by comparing the spectral response patterns (the pattern obtained by comparing

a surface reflectance at at different wavelengths) with known patterns such as patterns of

different vegetation covers, rock and ground types as well as clouds, water and snow.

The  spectral  responses  are  also  influenced  by  the  atmosphere.  The  atmosphere  both

reduces  the  irradiance  on  and  reflectance  of  the  surface  being  measured  as  well  as

reflecting itself adding a scatter to the returning signal. The signal the sensor detects can

be  explained  using  a  mathematical  equation  (Equation  2)  where  L tot  = total  spectral

radiance measured by the sensor, ρ = reflectance of surface, E = irradiance on surface, T
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Figure 7: The spectral response patterns of clouds and snow of different grain sizes(Farooq 2017).



= transmission of atmosphere and Lp  = path radiance from the atmosphere  (Lillesand,

Kiefer, and Chipman 2008).

Ltot=
ρ ET

π +Lp

Equation 2: Equation describing the effect of atmosphere on radiance recorded by sensor.

To get an accurate classification a wide range of parameters such as spatial, temporal,

atmospheric and reflective properties of the surface being inspected need to be collected

and worked together to classify of the surface being inspected  (Lillesand, Kiefer, and

Chipman 2008). Snow has a very high reflectance in the visible spectrum reflecting close

to 90% of all incoming solar radiation, the reflectance varies though with the condition of

the snow pack, such as age, amount of impurities or crystal size. In the visible spectrum

snow shares similar reflectance rates as clouds as is seen in figure 7 so it is important to

look at the reflectance at other wavelengths as well to better distinguish between snow

and cloud cover and get an accurate snow map. The MODIS snow cover maps used in

this study are discussed further in chapter 2.1.1.

22



2. Methods and data

2.1 Data

2.1.1 Modis snow cover maps

MODIS or the Moderate-resolution imaging spectroradiometer is a scientific instrument

located on two satellites orbiting earth at a sun-synchronous orbit, called Terra (deployed

in  1999)  and  Aqua  (deployed  in  2002).  The  instrument  is  a  passive  remote  sensing

instrument that collects data from a range of spectral bands. It collects data on 36 bands

ranging from 620nm to 14.385µm, about various land, oceanic and atmospheric factors.

It  has  a  spatial  resolution  ranging  from  250,  500  and  1000  meters  depending  on

bandwidth, a field view of around 55° or around 2330km wide swaths. The temporal

resolution is about 1 to 2 days. The main benefit of the MODIS instrument is that it

provides comprehensive land, ocean and atmospheric data on a global scale on a near

daily basis (Lillesand, Kiefer, and Chipman 2008). 

Table 1:  Overview of the different wavelengths the MODIS instrument works on. 
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The MODIS snow cover products are daily and weekly snow cover maps that are derived

from data acquired by the MODIS sensors aboard both the Terra and Aqua satellites. The

product is derived using an algorithm (Figure 8) developed by Hall. et. al. in 1995 that

uses surface reflectance,  cloud cover and a land/water cover mask as input data.  The

surface  reflectance  bands used  by the  snow mapping algorithm are  MODIS bands 4

(0.545-  0.565 μm)  and  6  (1.628-1.652 μm),  they  are  used  to  calculate  a  normalized

difference snow index (NDSI) (Equation 3) (Hall, Riggs, and Salomonson 1995). 

NDSI=
Band 4−Band 6
Band 4+Band 6

Equation 3: Equation used to calculate the MODIS NDSI.

Pixels in clear or non densely forested areas are registered as being snow if the NDSI ≥

0.4 and reflectance measure on MODIS band 2 (0.841-0.876 μm) is greater than 0.11.

This does not apply though if the measured reflectance in MODIS band 4 is less than 0.1.

If the reflectance measured on band 4 is less than 0.1 then the pixel will be registered as

having no snow even if the other criteria is met (Hall et al. 2002). For this study the daily

snow product, MOD10A1 (collection 005) was used. This product is created by picking

the  “best”  swath  of  the  area  acquired  that  day  and then  applying the  NDSI  method

described above to generate the snow cover map product  (D. K. Hall and Riggs 2015).

Studies have shown that the MODIS snow maps have an accuracy of around 93% with up

to 99% accuracy in flat homogeneous areas such as agricultural croplands with a varying

degree of accuracy based on season, time of day, cloud cover, land cover and topography

with the biggest source of inaccuracy being snow cover that is misclassified as cloud

cover (Hall and Riggs 2007).
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2.1.2 seNorge datasets

The seNorge dataset is the result of a joint project between the Norwegian water and

energy directorate and the Norwegian meteorological institute which provides datasets in

a 1km resolution on temperature, precipitation, runoff and several snow parameters based

on observation and modeled data that goes back to 1957 (Stranden 2010).
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Figure 8: A flow graph explaining how the daily and weekly
MODIS snow cover products are created(Hall, Riggs, &

Salomonson, 1995).



2.1.3 seNorge temperature

The seNorge temperature map is a gridded map showing the daily mean temperature for

each grid cell calculated from the temperature of the last 24 hours. It is produced using

input  data  from about  230  (it  varies  with  time)  measuring  stations  in  Norway.  The

temperature  measurements  are  de-trended  to  sea  level  and  a  common  latitude  and

longitude.  These de-trended temperature values are then interpolated to each grid cell

using a Kriging interpolation method called residual Kriging (Engeset 2016; Mohr 2008).

2.1.4 seNorge precipitation

seNorge offers three different precipitation maps, total precipitation, solid precipitation

and  liquid  precipitation.  The  map  of  total  precipitation  is  produced  using  daily  total

precipitation  from  about  400  (it  varies  with  time)  measuring  stations.  This  data  is

interpolated using a triangulation interpolation method and corrected for altitude using a

precipitation gradient of 10% for every 100 meters in  elevation increase below 1000

m.a.s.l. and with a gradient of 5% above 1000 m.a.s.l. (Engeset 2016; Mohr 2008). 

This dataset is then split into two datasets, one containing liquid precipitation and one

with solid precipitation. The liquid precipitation is classified as all precipitation in grid

cells where the corresponding temperature grid cell has a value of +0.5°C or higher and

the precipitation is then corrected with a factor of 5%. Precipitation that falls in grid cells

where the corresponding temperature is below the threshold of +0.5°C is classified as

solid precipitation or snow and is corrected using several factors based on the age of the

dataset. Solid precipitation data from the year 1957 to 2014 is corrected using factors that

change with elevation. Solid precipitation falling in an area with an elevation lower than

184 m.a.s is corrected with a factor of 1.0, solid precipitation falling in area higher than

710 m.a.s is corrected with a factor of 0.619 but solid precipitation that falls in areas

between those two elevations is  corrected with correction factor  that is  variable with
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elevation and is calculated using equation 4. After the year 2014 all solid precipitation is

corrected with a factor of 1.1 (Anderssen 2017).

Equation 4: Equation used to correct solid precipitation between 184 and 710 m.a.s.l. in the
seNorge precipitation dataset before the year 2014.

2.1.5 seNorge snow

The seNorge snow maps are gridded map products showing a range of snow parameters.

These parameters are SWE which shows the average snow water equivalent of each grid

cell. SCA which shows the snow cover fraction of each grid cell. Snow depths, there are

two snow depth products, one showing the average snow depth in the grid cell and one

which shows the average snow depth of fresh snow, snow that is deposited in the last 24

hours  is  classified  as  fresh  snow.  And  snow transport,  which  is  a  map  showing  the

amount of wind transported snow in the previous 24 hours based on a model of snow

transport in combination with snow age and wetness (T. Saloranta 2014; Engeset 2016).

In this study the SCA and SWE maps were used. The data is derived from a simple model

based  on  the  HBV  model  that  uses  daily  mean  temperature  and  the  daily  sum  of

precipitation for each grid cell from the seNorge temperature and the total precipitation

maps as input forcing values.
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Figure 9: Illustration of the seNorge snow mapping model (Engeset 2016).

The model separates the precipitation into liquid and solid precipitation based on the

temperature  as  described  in  the  paragraph  about  the  seNorge  precipitation  datasets.

Liquid precipitation is added to a snow-pack if one exists in the model and that snow-

pack is not fully saturated. If no snow-pack exists or if it  is fully saturated the liquid

precipitation is added to the runoff. Solid precipitation is added to a snow-pack in the

model,  this  snow-pack  is  updated  daily  based  on  temperature  and  solid  and  liquid

precipitation values for each day (Engeset 2016). 

SWE  is  a  function  of  snow  density,  water  density  and  snow  depth  as  explained  in

equation 1. The snow water equivalent (SWE) is calculated using the snow routine from

the HBV model giving the total SWE for that grid cell in mm water equivalent. It relies

on several  input  parameters  that  are  listed and described in  table  2  (T.  M. Saloranta

2012). 
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2.1.6 seNorge runoff

The runoff dataset provided by seNorge is like the others a daily gridded map. Each cell

has the daily total runoff which is a sum of the runoff from snow-melt model and the

liquid precipitation given in mm/day.

2.1.7 DEM

The digital  elevation model  (DEM) used in  the calculation of  the regional  snow-line

elevations was obtained from the Norwegian Mapping Authority (Kartverket). The DEM

used was a mosaic covering all of Norway created with DEM tiles downloaded from the

website of Kartverket. The spatial resolution of the DEM is 10x10 meters. It is created

using the FKB standard elevation dataset. The DEM has a standard deviation of ±2 to ±6

meters in height depending on terrain and the age of the map data used in that area. The

DEM is provided in UTM33 coordinate system on the Norwegian Mapping Authorities

website:   

http://www.kartverket.no/data/kartdata/Terrengmodeller/Terrengmodell-10-meters-grid/

(Kartverket (Norwegian Mapping Authority) 2013)
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Table 2: Parameters used in the seNorge SWE model (T. M. Saloranta 2012).



2.1.8 Catchments

The catchments used in the study were selected based on two criteria, they needed to be

distributed over all of Norway and be located in the vicinity of a gauging station. The

second criteria became unnecessary as providing usable naturalized discharge data for the

catchments was not possible. The catchments used are defined by the Norwegian water

and energy directorate (NVE) and were obtained from the REGINE database located on

the website of the Norwegian Water and Energy directorate: http://nedlasting.nve.no/gis/.

The  REGINE  database  contains  geospatial  information  about  catchments  and  water

basins in Norway and contains around 20.000 catchments and basins (NVE 2015).
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2.2 Methods

2.2.1 Calculation of RSLE

The method used to calculate the regional snow-line elevation (RSLE) from snow cover

maps  uses  an  algorithm  that  finds  the  elevation  at  which  the  number  of  pixels

representing land above the elevation line and number of pixels representing snow below

the elevation line are at a minimum. The method finds this elevation by iterating through

elevation bands from the lowest to the highest elevation within the catchment, evaluating

the snow cover fraction below and above each elevation band and selecting the elevation

band that has the highest snow fraction above and the lowest snow fraction below as the

RSLE line for that instance. The algorithm the method follows are shown in figure 10.

This  method  has  been  tested  in  the  upper  Vah  basin  in  Slovakia  providing  RSLE

measurements with an accuracy of around 86% when compared to ground measurements

from the  basin  and provided an  improvement  of  14  percentage  points  compared  the

Regional  snow-line mapping approach (SNOWL) method  (Parajka  et  al.  2010) when

tested in the same basin.  Factors that drive accuracy seem to be percentage of cloud

cover, surface type and terrain (Krajčí et al. 2014). How the method was implemented in

this  study will  be explained in  chapter below, going into more detail  about what the

method does at each step, the input data and functions manipulating the input data at each

step and how it selects the RSLE for each daily SCA map used as input data.
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The input data was obtained in different formats, projections and resolutions. The RSLE

method  described  by  Krajčí  et  al.,  (2014)  requires  the  standardization  and

homogenization of the input data. The seNorge snow cover maps and DEM were adjusted

to the parameters of the MODIS data as explained below.

The MODIS snow cover maps are provided as hdf5 files using a Sinusoidal projection as

a reference system. Norway spans over two tiles, h18v2 and h18v3, where h and v denote

the horizontal and vertical placement in the MODIS world grid. The MODIS snow cover

products  tiles  covering  Norway  have  a  grid  cell  size  of  ~442  meters  which.  The
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Figure 10: A flow diagram explaining the method for
calculating regional snow-line elevations (Krajčí et al.,

2014).



standardization  procedure  required  the  two  tiles  to  be  mosaicked  into  single  daily

GeoTIFF files projected in the WGS84-UTM33N projection using the GDAL library. 

The seNorge dataset was provided as netCDF files projected in the WGS84-UTM32N

and was converted and reprojected using the GDAL library into GeoTIFF raster images

projected in the WGS84-UTM33N projection as per the standardization procedure. 

All raster maps have been scaled and aligned to the MODIS dataset in a resolution of

~442 meters. The DEM, originally in a 10 meter resolution, was scaled up to the MODIS

resolution calculating the average elevation while the seNorge dataset was re-sampled

using the nearest neighbor method.

The method described above was implemented using a script (see Apendix A). The work-

flow of the method is described here below:

I)  First  it  applies  a  mask  to  the  DEM  of  Norway  using  shapefiles  of  the

catchments.  A matrix  of  elevation  values  for  the  catchment  is  provided  and  used  to

determine  the  minimum and  maximum elevation  of  the  catchment.  These  values  are

binned into elevation bands at a 1 meter interval.

Step I. is repeated for every catchment used in the study while steps II. - IV are repeated

for every day the study spans.

II) Next it applies the same mask to the MODIS and seNorge datasets and gets a

matrix of snow cover values from both the MODIS and the seNorge datasets. In this step

it  also  collects  snow  cover  area  (MODIS  and  seNorge)  as  well  as  cloud  cover

values(MODIS).

III) For each elevation band determined in step I. it splits the snow cover matrix

into two separate matrixes, EAbove (Representing snow cover values above the elevation

band) and EBelow (Representing snow cover values below the elevation band) and count

the number of pixels without snow cover in EAbove and the number of snow covered pixels
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in Ebelow.  In the seNorge snow cover dataset all pixels with a snow fraction > 0 were

considered as snow covered.

IV) The values  counted  in  step  III.  are  summed up to  create  a  list  of  values

indexed by the elevation bands. It then selects the elevation band that had the lowest

value since it represents the elevation with the fewest snow covered pixels below the

elevation line and fewest pixels without snow cover above it and uses it as our daily

RSLE value.

In  order  to  better  understand  the  ongoing  processes,  several  other  parameters  were

retrieved from the seNorge datasets. Those parameters were daily total snow-cover area

(SCA), total, liquid and solid precipitation, daily average temperature and runoff for each

catchment. Each dataset was converted from netCDF to a GeoTIFF in the same way as
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Figure 11: RSLE estimated using both the MODIS and seNorge datasets visualized for 5/5/2001(MODIS
467m.a.s.l & seNorge 417m.a.s.l) and 17/5/2001MODIS 667m.a.s.l & seNorge 687m.a.s.l) in the Simoa(12.BZ)

catchment. The RSLE can be seen moving up as the melt period progresses.



the seNorge snow cover area dataset. Successively a script was implemented to calculate

average daily values of each parameter for all catchments.

2.2.2 Post processing of output data.

The MODIS data was highly fragmented due to cloud cover and lack of sunlight during

winter in the catchments located in northern Norway. The output RSLE and SCA data

was filtered based on the cloud cover level and data availability: days with cloud cover

higher  than 30%, 50% and 70% and days  with no sunlight  were discarded from the

analysis. The data was filtered at different cloud cover rates to compare the effects of

clouds on the fit between the MODIS and seNorge SCA and RSLE time series. Assuming

a good fit between the MODIS and seNorge datasets and given the fact that the seNorge

data  provides  a  continuous dataset  uninterrupted  by cloud or  lack  of  sunlight  it  was

decided to use the seNorge data to estimate melt periods and make qualitative estimations

of the relationships between location of the catchments, size and elevation and the melt

rates  of  the  catchments.  An  example  of  a  RSLE time  series  with  a  high  degree  of

fragmentation due to lack of quality in the data before and after days with high degree of

cloud cover have been filtered out is shown in figure 12.
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Figure 12: A plot showing filtered and unfiltered RSLE estimations in catchment 012.BZ the year 2001 using
MODIS data.



The two time series per catchment of estimated RSLE and SCA from both MODIS and

seNorge were compared by calculating a Pearsons correlation coefficient (R) (Equation

5) between them in places where data existed for in both series. This was done for data

where days with higher than 30%, 50% or 70% cloud cover were filtered out.

ρ X ,Y =
cov(X ,Y )

σ X σ Y
Equation 5: Pearson's correlation coefficient. σX,Y are the standard deviation of X and Y and cov the

covariance.

Total  cloud  cover  for  the  whole  period  was  gathered  for  every  catchment  using  the

MODIS cloud mask in the MODIS snow cover dataset to use when estimating the effect

of cloud cover on RSLE method accuracy. To estimate the total cloud cover the sum of all

pixels  in  the  catchment  was  divided  with  the  sum of  pixels  labeled  as  cloud  in  the

catchment for every day the study spanned in the dataset to get a ratio of cloud cover for

each catchment.
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Figure 13: Example of a catchment factsheet providing an overview of the catchment’s
characteristics.



For each catchment a factsheet was produced (Figure 13) showing the estimated values of

the RSLE and the values of the considered parameters in order to provide and overview

of the catchment characteristics. The top plot shows time series of the RSLE estimated

from both the  MODIS (blue  dots)  and seNorge  datasets  (blue line).  The second plot

shows: I) The snow water equivalent retrieved from the seNorge snow dataset (blue area);

II) the snow cover area retrieved from the seNorge snow dataset (green line); III) the

snow cover area retrieved from the MODIS dataset (green dots). The third plot shows the

average daily temperature, representing an important factor for the snow-melt. The forth

plot shows the total runoff retrieved from the seNorge dataset. This was done to better see

if it is possible to use changes in the RSLE to predict runoff events. At the bottom there

are two plots showing the relationship between the MODIS and seNorge datasets  for

RSLE values (left  plot)  and SCA (right plot).  Finally there is  a  boxplot  showing the

distribution of the snow melt slopes for all sixteen years of data as well as some basic

statistics  for  the  catchment  (i.e.,  maximum  and  minimum  elevation,  size  of  the

catchment, average temperature and precipitation). These factsheets were used to visually

find anomalies or trends that could be of interest. Factsheets are shown in Apendix B.

2.2.3 Melt period estimation

Based on the estimated RSLE time series the start and end of the melt period for each

year and catchment was determined. Since the MODIS RSLE time series had a lack of

data in several periods, for the reason explained in section 2.2.2, it was decided to use the

seNorge RSLE time series. This choice was motivated by two main reasons: I) The fit

between the MODIS and the seNorge RSLE time series appears good and II) the seNorge

RSLE time series were continuous over the considered time frame and therefore it was

possible  to  identify  the  start  and  and  of  the  melt  period.  The  melt  periods  were

determined by a routine that identifies their start and end. Based on this the melt slope

was  calculated  as  a  ratio  between  the  length  of  the  melt  period  and  the  normalized

elevation change of the RSLE from the beginning to the end of the melt period.
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First  the  RSLE time series  were normalized  to  the  elevation  range of  the  catchment

(Equation  6).  This  was  done  to  make  it  possible  to  compare  the  melt  periods  of

catchments with different elevation ranges.

Successively  the  time  series  were  split  into  separate  yearly  time  series  for  all  the

considered years. Then the time series were shifted by one day and withdrawn from the

original time series to get a time series representing daily changes in snow-line elevation.

Moving backwards from 31st of August (the end of the hydrological year) the method

finds the first day where the snow-line elevation was at it’s yearly maximum. That day

becomes the last day of the melt period. To find the beginning of the melt period it starts

at the beginning of the calendar year, 1st of January, as on that date the snow-line was

usually at it’s lowest elevation, and finds the last day where the snow-line elevation is at

it’s yearly minimum. That day becomes the first day of the melt period.

To calculate the slope of each melt period equation 7 was used. It divides the number of

days from the beginning to the end of the melt period with the number of days in a year.

And then divided that number with the elevation range of the catchment to get the slope

of the melt period.

For each catchment an output table showing the beginning and end of each yearly melt

period,  the number of days the melt  period lasted and the slope as calculated by the

equation 7, was produced. An example of these tables can be seen in table 3.
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Equation 6: Equation used to normalize the RSLE time series based on the elevation.

Normalized RSLE=
(RSLE−Minelevation)

(Max elevation−Min elevation)

Equation 7: Equation for calculation melt rate.

Slope=
(Days/(Nr .days of year))

(Max Elevation−Minelevation)



The values were then used to calculate average melt slopes for each catchment and to

calculate the melt slope average for each of the snow regions in Norway.

2.2.4 Linear regression analysis

Linear regression analysis is a method to model the relationship between a dependent

variable and one or more independent variables by fitting a linear equation to two or

more  datasets.  To  test  the  relationship  between  different  parameters  and  melt  slopes

calculated in the study the least-squares regression method was used. The least-squares

method fits  the regression line by minimizing the sum of the squares of  the vertical

distance from the data points being tested to the fitted line.  The reasons the distance

between the fitted line and the data points is squared is to eliminate negative values as we

are  interested  in  the  sum difference  between  the  fitted  line  and  the  data  points  and

negative values would reduce that calculated difference. A coefficient of determination

(R2) is calculated to estimate the proportion of variance of the dependent variable that the

independent variable can be used to predict. 
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Year Beginning End Days Slope
2000 2000-03-19 2000-05-26 69 0.1890
2001 2001-03-28 2001-05-22 56 0.1534
2002 2002-03-12 2002-05-30 80 0.2192
2003 2003-02-24 2003-06-01 98 0.2685
2004 2004-03-11 2004-05-23 74 0.2027
2005 2005-03-23 2005-06-22 92 0.2521
2006 2006-04-09 2006-06-05 58 0.1589
2007 2007-02-23 2007-05-01 68 0.1863
2008 2008-03-28 2008-05-27 61 0.1671
2009 2009-02-21 2009-05-23 92 0.2521
2010 2010-03-20 2010-05-22 64 0.1753
2011 2011-03-10 2011-06-22 105 0.2877
2012 2012-02-20 2012-05-27 98 0.2685
2013 2013-04-08 2013-06-03 57 0.1562
2014 2014-01-24 2014-04-21 88 0.2411
2015 2015-02-06 2015-06-08 123 0.3370
2016 2016-03-01 2016-05-10 71 0.1945

Table 3: An example of the output from the script used to estimated
the melt periods of the catchments(catchment 041.AZ).



3. Results

The results of the analysis as described in the preceding methods chapter are presented

here. First, the comparison of RSLE calculated from two independent data sets: MODIS

and seNorge, are presented and compared with the SCA captured from the same datasets.

Correlation between the two datasets are compared at different cloud filtration rates and

the effect proximity to sea has on the fit, this is done to check if RSLE could be used as

substitution for SCA maps in conditions that don’t allow for high accuracy SCA data

from MODIS. Following the analysis of Dyrrdal (2012), the RSLE average correlation

are shown for the 15 different precipitation regions that had selected catchments within

them.

3.1 Validity of method

3.1.1 Cloud filtering

41

Figure 14: A bar plot showing the R between the MODIS and seNorge SCA data  filtered by 30%, 50% and
70% cloud cover.

<30% cloud <50% cloud <70% cloud

Average R 0.8011 0.7476 0.6685
Table 4: Average R at different cloud filtration rates.



The  average  R  for  the  catchments  when  comparing  the  MODIS  and  seNorge  SCA

improved as more cloud covered days were filtered out as can be seen in figure 14 and

table 4. Data where days with more than 30% cloud cover filtered out had on average a R

value of 0.8011, data with filtering at 50% had an average R value of 0.7476 and data

with filtering at 70% had on average a R value of 0.6685. The average R values, when

comparing the RSLE calculated from the two datasets improved but only marginally as

can be seen in figure 15 and table 5, as well as showing a higher R value when the RSLE

dataset was filtered by days with more than 70% cloud cover than the SCA showed when

days with more than 30% cloud cover were filtered out.

Cloud cover  is  important when working with MODIS data  as MODIS is  not  able  to

penetrate dense cloud cover and misclassification of clouds as snow are the most frequent

errors in the MODIS snow products (Hall and Riggs 2007). For each day the cloud cover
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Figure 15: A bar plot showing the R  between the MODIS and seNorge RSLE data  filtered by 30%, 50% and
70% cloud cover.

<30% cloud <50% cloud <70% cloud

Average R 0.8900 0.8771 0.8615
Table 5: Average R at different cloud filtration rates.



percentage for the catchments was gathered and the days sorted into bins representing 0-

9%, 10-24%, 25-49%, 50-74%, 75-90% 90-99% and 100% cloud cover in the catchment

seen in table 6. The average cloud cover being 71.15%, the catchment with the lowest

cloud cover having 58.93% cloud cover and the one with the highest having 77.43%.

The data shown in table 6 shows that most of the catchments had a high percentage of

cloud cover during most of the 16 year period,  which can affect the accuracy of the

MODIS snow product (Hall & Riggs, 2007). This is mostly due to Norway's location

which provides condition for heavy cloud cover and high precipitation as moist air is

transported from the North-Atlantic ocean towards Norway and over the Scandinavian

mountains located in western Norway (Uvo 2003). 
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Catchment 0-9% 10-24% 25-49% 50-74% 75-89% 90-99% 100% Catchment 0-9% 10-24% 25-49% 50-74% 75-89% 90-99% 100%
084.E1Z 516 942 366 408 368 345 3600 012.N2Z 539 1067 416 548 554 471 2973
086.21B1Z 1018 1248 202 238 328 303 3710 012.NZ 255 529 384 641 792 528 3155
087.A3Z 813 1060 366 461 404 316 3422 012.Q3Z 553 813 278 427 452 355 3704
091.3AZ 1602 1761 146 276 203 182 3461 015.JZ 127 690 465 800 823 574 2677
104.C1Z 749 1182 431 435 471 441 3069 019.A12Z 1967 2106 177 240 176 175 3155
109.AZ 656 1023 462 690 559 523 2772 020.D7Z 1251 1509 233 370 368 312 3237
109.F1Z 883 1324 348 425 496 480 2956 020.D8Z 1188 1446 293 361 359 281 3289
112.3AZ 1309 1711 262 349 481 421 2805 021.A123Z 2073 2152 109 162 102 87 3417
119.1B1Z 1435 1774 286 385 373 297 2914 021.D3Z 1228 1568 245 340 359 262 3255
123.CZ 848 1402 286 430 593 509 2809 021.F2Z 489 848 361 579 576 404 3261
123.D8Z 1116 1400 258 382 484 432 3073 021.F4Z 840 988 256 415 391 397 3582
123.D11Z 1468 1774 207 316 380 327 3025 021.H3Z 585 887 351 427 467 402 3495
123.DZ 868 1301 283 470 620 593 2762 022.A4Z 1673 1815 219 229 251 253 3262
123.EZ 756 1195 303 499 612 587 2833 022.B22Z 1322 1573 274 346 364 300 3172
123.F1Z 1800 1902 189 194 268 198 3278 022.EZ 390 935 448 599 627 550 2870
124.DZ 1051 1509 309 431 530 504 2746 026.GZ 737 1024 240 423 436 380 3526
128.AZ 1067 1630 296 470 574 583 2476 026.HZ 509 836 263 401 562 583 3384
138.B3Z 1601 1904 272 338 428 327 2760 027.6AZ 1140 1422 243 382 411 286 3285
139.C6Z 1519 1776 245 395 437 340 2836 033.AZ 206 698 402 447 528 520 3434
139.CZ 1119 1439 302 473 574 549 2692 033.B1Z 517 1014 341 364 437 421 3452
148.BZ 1309 1740 325 369 377 315 2903 036.B21Z 708 909 319 352 324 321 3804
156.DZ 1306 1685 289 449 448 472 2686 050.BZ 162 595 322 473 518 484 3637
160.A3Z 1483 1734 325 385 427 250 2908 041.AZ 263 777 449 398 488 501 3416
161.1A3Z 1971 2185 207 270 318 324 2725 061.4AZ 548 786 379 400 392 330 3742
161.AZ 1241 1633 428 461 482 437 2588 062.E2Z 271 610 394 550 533 414 3528
161.F2Z 1399 1698 374 458 394 366 2739 063.A5Z 745 1071 221 298 374 325 3740
163.BZ 1550 1927 253 388 518 449 2494 076.AZ 474 767 396 459 427 379 3601
163.CZ 1210 1466 312 487 565 688 2511 067.3AZ 431 836 286 426 407 457 3617
163.D1Z 1312 1571 322 526 506 512 2592 072.2EZ 285 497 329 537 520 392 3754
166.5AZ 1616 1990 271 405 407 400 2556 074.C1Z 385 848 299 389 466 376 3651
171.7AZ 1784 2171 244 268 252 264 2830 074.CZ 69 546 308 524 665 728 3258
173.B1Z 1801 2042 242 351 398 333 2663 075.BZ 142 601 478 546 522 479 3403
212.B4Z 1839 2138 223 381 486 443 2358 076.B2Z 1112 1322 250 308 263 215 3671
212.E2Z 1960 2225 262 386 427 354 2375 077.C2Z 317 573 358 526 540 432 3600
311.B4Z 838 1238 362 377 405 297 3350 082.BZ 800 1188 300 347 413 315 3466
012.BZ 184 1028 480 658 671 567 2625 083.CZ 91 594 399 535 483 559 3459

Table 6: Table showing the number of days and cloud cover percentage for each catchment.



3.1.2 Distance from sea

When the R between the SCA time series estimated using MODIS and seNorge  with

>30% cloud days filtered out is plotted against the distance between the catchment and

the sea (Figure 16) a clear cutoff can be seen around the 20km distance where catchments

that are further away from the sea than 20km have a R value higher than 0.75.
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Figure 16: SCA R plotted against the catchments distance to sea.



Figure 17: A bar plot showing the R between the MODIS and seNorge SCA data for the data filtered by
30%, 50% and 70% cloud cover after removing any catchment closer than 20km from sea.

 

If  only catchments  that  are  further  away from the sea than 20km are considered the

average SCA R value increases to 0.8444 from 0.8011 when considering data filtered at

30% or more cloud cover, from 0.7931 from 0.7476 at 50% cloud filtering and 0.7102

from 0.6685 at 70% or more cloud filtering, shown in figure 17 and table 7. 
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<30% cloud <50% cloud <70% cloud

Average R 0.8011 0.7476 0.6685 (No cutoff)

Average R 0.8444 0.8011 0.7102 (20km away from sea)

Table 7: Average R2 at different cloud filtration rates and after removing catchmens closer than 20km to
sea.



Figure  18.  is  a  map  showing  the  western  and  southern  coast  of  Norway  and  the

catchments used in the study colored by the average R value. Looking at this map and

Figure 16.  it  can be seen that catchments closer to  sea have a  lower average R than

catchments located further inland.

Catchments closer to sea than 20km were grouped and the R values for RSLE and SCA

compared to see if RSLE showed similar differences in R value based on distance from

sea.
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Figure 18: Average R between the MODIS and seNorge SCA time series visualize on a map. Catchments
close to sea can be seen to have a lower R value than those further inland.



It can be seen in table 8 that R values between MODIS and seNorge RSLE and SCA

values are all below the countries average. The difference between the total average is

less when comparing the RSLE (Delta RSLE) than the SCA (Delta SCA) indicating that

the proximity to sea has less effect on the RSLE estimation than it does on the SCA .

The eight catchments that had a R value lower than 0.7 at <30% cloud filtration rate were

looked at closer to try and identify what could be the cause of a lower fit.
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Figure 19: R values for RSLE and SCA filtered at 50% cloud cover for catchments located within 20km
from sea.

Table 8: R values for RSLE and SCA at different cloud filtration rates for catchments located within 20km
from sea.

RSLE R SCA R Delta RSLE Delta SCA
<30% 0.8695 0.7706 0.0205 0.0306
<50% 0.8534 0.7154 0.0237 0.0322
<70% 0.8356 0.6387 0.0259 0.0298



The percentage of days rejected due to cloud cover, using a filtration at <50%, mean

SWE  in  the  catchments,  the  catchments  area  size,  mean  elevation,  elevation  range,

distance from sea were looked at in order to try and identify what could be the cause of

the lower than average fit for these catchments. Looking at table 9 it can be seen that

these  catchments  show  no  trends  in  those  parameters.  The  catchment  cover  a  wide

elevation range, size, mean SWE and percentage of days rejected due to cloud cover.
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Catchment Cloud cover % Mean SWE Area km2 Mean elevation m.a.s.l. Elevation range m Distance from sea km 50% R RSLE 50% R SCA
091.3AZ 0.6992 23.72 4.38 224.1 292 2.70 0.8864 0.4012
021.A123Z 0.6131 78.27 1.48 124.7 200 3.43 0.8809 0.4885
027.6AZ 0.6619 26.48 22.13 150.2 250 5.66 0.9310 0.5598
019.A12Z 0.5893 63.40 6.28 64.3 90 3.75 0.7316 0.5652
082.BZ 0.6997 30.21 23 320.5 510 12.97 0.9162 0.5872
022.A4Z 0.6263 53.82 6.16 205.7 266 8.41 0.7446 0.5914
033.B1Z 0.7202 43.31 44.84 621.2 874 11.47 0.9449 0.6337
086.21B1Z 0.7601 200.08 2.38 880.6 840 4.85 0.9029 0.6577

Table 9: Properties of the eight catchments close to sea that exhibit a lower fit.



3.1.3 RSLE method on a regional scale

Figure 20 shows the regions discussed in chapter 1.3 colored according to the average

calculated R between the MODIS and seNorge RSLE and SCA time series with cloud

cover above 50% filtered out for each region. Some regions have no values since no

catchments were selected within those regions either  because the catchment  selection

process  described in  chapter  1.3  did  not  select  any catchments  within  that  region or

because they were outside the boundaries of the MODIS data. The maps show that the

regions that had available data show an improvement in the fit when using the RSLE data

compared to the SCA data.
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Figure 20: The average R fit between the RSLE and SCA timeseries from 2000-2016 estimated using the
MODIS and seNorge datasets presented on a map with RSLE on the left and SCA on the right.



3.2 Melt period analysis

The second research question defined in this study is weather the RSLE dataset that resulted from

the RSLE method can be used to identify patterns in melt behavior both on a regional scale as

well as a catchment scale and what drives inter annual variability in melt slopes.

3.2.1 Variability in melt on a regional scale

In order to test if it is possible to identify regional characteristics in the snow regions

defined by Dyrrdal et.al. (2012) based on the melt slope boxplots were produced showing

the distributions of melt slopes during the years 2000-2016 lumped by the regions the

catchments are located in, shown in figures 22-37.
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Figure 21: Map showing the catchments used in the study colored by average melt slope.



51

Figure 22: Boxplot showing the distribution of yearly melt slopes
over the period from 2000-2016 for the catchments in snow region

2.1.

Figure 23: Boxplot showing the distribution of yearly melt slopes
over the period from 2000-2016 for the catchments in snow region

2.2.

Figure 24: Boxplot showing the distribution of yearly melt slopes
over the period from 2000-2016 for the catchments in snow region

3.0.

Figure 25: Boxplot showing the distribution of yearly melt slopes
over the period from 2000-2016 for the catchments in snow region

4.0.
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Figure 26: Boxplot showing the distribution of yearly melt slopes
over the period from 2000-2016 for the catchments in snow region

5.1.

Figure 27: Boxplot showing the distribution of yearly melt slopes
over the period from 2000-2016 for the catchments in snow region

5.2.

Figure 28: Boxplot showing the distribution of yearly melt slopes
over the period from 2000-2016 for the catchments in snow region

6.1.

Figure 29: Boxplot showing the distribution of yearly melt slopes
over the period from 2000-2016 for the catchments in snow region

6.2.
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Figure 30: Boxplot showing the distribution of yearly melt slopes
over the period from 2000-2016 for the catchments in snow region

7.2.

Figure 31: Boxplot showing the distribution of yearly melt slopes
over the period from 2000-2016 for the catchments in snow region

8.1.

Figure 32: Boxplot showing the distribution of yearly melt slopes
over the period from 2000-2016 for the catchments in snow region

8.2.

Figure 33: Boxplot showing the distribution of yearly melt slopes
over the period from 2000-2016 for the catchments in snow region

9.0.



Looking at figures 22 – 37 it can be seen that while some of the regions seem to be quite

homogeneous others  have  big variability  in  the  distribution  of  melt  slopes.  To better

understand what could be the cause these variabilities in both mean slope and interannual

variabilities, catchments within each region were compared with each other to try and

identify what drives this variability. Two regions, 7.2 (Figure 30) and region 8.2 (Figure

32) only had one catchment selected within and could therefore not be compared with
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Figure 34: Boxplot showing the distribution of yearly melt slopes
over the period from 2000-2016 for the catchments in snow region

10.1.

Figure 35: Boxplot showing the distribution of yearly melt slopes
over the period from 2000-2016 for the catchments in snow region

10.2.

Figure 36: Boxplot showing the distribution of yearly melt slopes
over the period from 2000-2016 for the catchments in snow region

11.0.

Figure 37: Boxplot showing the distribution of yearly melt slopes
over the period from 2000-2016 for the catchments in snow region

12.0.



other catchments within the same region. Some regions look quite homogeneous such as

region 8.1 (Figure 31) and region 10.1 (Figure 34) while other had significantly different

mean slopes and slope distribution such as region 6.1 (Figure 28) and 11.0 (Figure 36) or

different  mean slope but  similar  distribution  patterns  such as  region 9.0 (Figure 33).

When comparing the catchments it was seen that catchments in most cases showed a

relationship  between elevation range of  the catchment  and the mean melt  slope  with

bigger elevation range resulting in a higher mean melt slope. Distribution of melt slopes

showed no apparent relationship with the geographical factors but several catchments

were inspected and compared with yearly mean values for temperature and SWE. Some

relationship between distribution of the melt slopes and SWE could be seen but a more

detailed analysis is needed to verify that.

3.2.2 Geographical factors affecting melt slopes

After  looking  through  the  mean  melt  slopes  and  the  melt  slope  distribution  some

relationship between mean melt slope and geographical factors such as mean elevation

and elevation range is suspected. To see what drives the variations in mean melt slopes

between the catchments,  linear  regression analysis  was done testing for several  static

factors that could be contributors to snow melt rates such as mean elevation, areal size,

latitude and longitude, distance from sea and elevation range in the catchments.
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Figure 38: Average melt slopes plotted against mean elevation
of the catchments.

Figure 39: Average melt slopes plotted against elevation
range  of the catchments.

Figure 40: Average melt slopes plotted against the
catchments distance from sea.

Figure 41: Average melt slopes plotted against the
catchments area size.



Based on these results it can be seen that elevation range and mean elevation can be said

to have a significant relationship with average melt slope in catchments while the other

parameters tested can not be said to have a significant effect on the melt slope averages.

The elevation range is the parameter showing the clearest relationship with the melt slope

averages with R2 value of 0.8334, while the mean elevation shows a relationship with the

melt  slope  it  has  a  higher  degree  of  variability  with  an  R2 value  of  0.4462.  Mean

elevation and elevation range can not be said to be independent variables and the other

parameters show no linear relationship with mean melt slope so it was decided against

using multiple linear regression analysis on the geographical factors tested.
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Elevation range Mean elevation Longitude Latitude Catchment area Distance from sea
R2 0.8334 0.4462 0.0206 0.0017 0.0403 0.0178
Slope of regression 0.00019 0.00018 0.00000 0.00000 0.00010 -0.00053
Standard error 0.00001 0.00002 0.00000 0.00000 0.00006 0.00048
P Value 3.637739218E-28 2.66298315E-10 0.236382 0.738048 0.095836 0.270407

Table 10: Results from linear regression analysis on static factors affecting snowmelt rates.

Figure 42: Average melt slopes plotted against the latitude
placement of the catchments.

Figure 43: Average melt slopes plotted against the longitude
placement of the catchments.



3.2.3 Meteorological factors affecting melt slopes

As can  be  seen  in  chapter  3.2.1  a  degree  of  interannual  variability  in  melt  rates  is

observed  in  numerous  catchments  such  as  catchment  083.CZ  (Figure  44).  To  better

understand what  drives  these interannual  melt  rates,  melt  slopes  were plotted against

several factors thought to be contributors to variability in the melt slopes. Those factors

were maximum SWE, average liquid precipitation, normalized positive degree day sum

temperature,  which  is  the  sum of  all  temperatures  above  0°C  (PDD),  snow  melt  at

temperatures below 0°C is considered minimal and therefore only days with an average

temperature above 0°C are summed up and the PDD used as an indicator of the amount

of energy available  to melt  the snow  (Braithwaite  1995).  Normalized PDD was used

since the length of the melt  period resulted in higher PDD sum giving an inaccurate

picture of the relationship between PPD and melt slopes, and mean temperature during

the melt period. Linear regression analysis was done on all these factors using the slope

as the dependent variable and the factors as the independent variables to test if they have

a significant relationship. 
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Figure 44: RSLE during melt periods 2000-2016 in catchment 083.CZ.
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Figure 45: Yearly melt slope plotted against peak SWE(mm) during
the melt period colored by mean elevation.

Figure 46: Yearly melt slope plotted against mean liquid
precipitation(mm) during the melt period colored by mean elevation.

0 m                1500 m

Figure 48: Yearly melt slope plotted against the mean temp(°C)
during the melt period colored by mean elevation.

Figure 47: Yearly melt slope plotted against normalized PDD(°C)
during the melt period colored by mean elevation.



The figures shown in table 11. show that the SWE has the highest correlation coefficient

with the melt slopes, with while the other variables show no significant correlation with

the melt slopes. Looking at figures 45 – 48 some grouping can be seen based on the mean

elevation  of  the  catchments  as  well,  with  catchments  with  a  lower  mean  elevation

grouping at smaller melt slopes and catchments with a higher mean elevation at bigger

melt slopes, this fits with the results shown in figure 36.

A multiple linear regression analysis (MLR) using the parameters that showed the most

significant relationship with the slope analysis, peak SWE, mean elevation and elevation

range was done to  try  and model  the  relationship  between those  parameters  and the

estimated melt slopes.

Looking at the results from the MLR analysis it can be seen that the factors that most

affect the melt slope are the elevation range and the peak SWE during the melt period. To

check for collinearity the parameters used in the MLR were plotted against each other

and a simple linear regression analysis implemented.
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PPD RRL SWE Mean temp
R2 value 0.1038 0.0602 0.3132 0.1536
Slope of regression 0.00283 0.00281 0.00033 0.00730
Standard error 0.01285 0.00907 0.00015 0.00586
P-Value 0.37279 0.53915 0.12195 0.27161

Table 11: Results of a simple linear regression analysis of the different parameters
effecting melt slopes.

R2: 0.848 Adjusted R2: 0.842
      coef     std err           t       P>|t|       [95.0% Conf. Int.]

Intercept -0.003 0.011 -0.278 0.782         -0.025     0.019
Elevation range 0.0002 1.37E-05 12.271 0          0.000     0.000
Mean elevation 6.46E-06 2.00E-05 0.323 0.747      -3.34e-05  4.63e-05
Max SWE 0.0001 5.84E-05 2.134 0.037       8.01e-06     0.000

Table 12: Results from MLR analysis of SWE, mean elevation and elevation range.



The linear regression analysis shows a clear relation between the parameters used in the

MLR  analysis  causing  a  problem  of  multicollinearity.  The  MLR  indicated  that  the

parameters explain the difference in melt slopes quite well with a R2 value of 0.848. The

parameters used in the MLR are correlated themselves making it hard to distinguish the

contribution of each parameter to the prediction.

3.2.4 Rain on snow events

Considerable interest is in researching rain on snow events. This is mostly due to flood

hazards resulting from rain on snow events. Rain on snow events have been linked to

higher stream flows and flooding (McCabe, Hay, and Clark 2007; Singh et al. 1997) as

well as to triggering debris flows when soils get highly saturated with water (Dyrrdal et

al. 2012). Precipitation events where daily mean liquid precipitation for a catchment that

reached  higher  than  70% of  the  yearly  maximum liquid  precipitation,  during  a  melt
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Figure 49: Scatter plot showing mean
elevation plotted against mean SWE in the

catchments.

Figure 50: Scatter plot showing elevation
range plotted against mean SWE in the

catchments.

Figure 51: Scatter plot showing mean
elevation plotted against mean elevation

range in the catchments.

Table 13: Results from regression analysis between mean elevation, elevation range and mean SWE.

R2 Slope Std. Error P Value
Mean elevation/SWE 0.6513 2.1874 0.0754 6.23E-139
Elevation range/SWE 0.5602 2.4555 0.1075 1.99E-95
Mean elevation/Elevation range 0.6754 0.5175 0.0167 4.01E-153



period,  were  identified  for  all  catchments,  resulting  in  total  of  51  events  for  all

catchments during the years 2000-2016. Melt slopes before and after the precipitation

event were calculated to identify if these events affected the melt slope.

As can be seen in figure 52 which shows the calculated melt slope before (Blue) and after

(Yellow) rain on snow events there is no trend in the change of melt slope after these rain

on snow events. Four events can be seen where a considerable change in the melt slope

occurred after a rain fall, two where the melt slope increased and two where it decreased.

In those cases where there is no slope value after the rain event, the rain events happened

at the end of the melt period.
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Figure 52: Melt slope before and after rain on snow event.



4. Discussion
 

4.1 RSLE method

To test if the RSLE method described by (Krajčí et al. 2014) is applicable in Norway the

method was implemented in 70 catchments distributed through all of Norway with daily

snow cover maps over the period from 2000 to 2016. The method was implemented using

both the MODIS and seNorge snow maps and the results compared. The seNorge snow

maps were selected as they have been shown to have a good fit with measured data and

are considered a good representation of snow conditions in Norway  (T. M. Saloranta

2012). 

4.1.1 Filtering of clouds

Different cloud cover filtration rates were tested on the RSLE and SCA datasets estimated

using the MODIS dataset and compared to the seNorge modeled data using Pearson’s

correlation coefficient. This was done to test if better accuracy could be obtained through

removing  days  where  cloud  cover  was  above  a  certain  threshold.  The  datasets  were

filtered with a cloud cover limit at 30%, 50% and 70%. Results shown in figure 14 and

table 4 show that a better fit between the MODIS SCA and the seNorge SCA is obtained

with filtering out days with higher cloud cover, with an increase in R calculated rising

from 0.6685 when days with 70% or less cloud cover were used to 0.7476 at 50% and

0.8011 at 30% or less cloud cover was used. When there is a high percentage of cloud

cover over a catchment, the method might only have access to snow covered pixels at

locations and altitudes that are not representative of the actual snow distribution within

the  catchment  being  inspected  (Hall  and  Riggs  2007).  The  cloud  filtering  has

considerably less effect on the R values when comparing the RSLE estimated with both

MODIS and seNorge data,  shown in figure 15 and table 5,  indicating that the RSLE
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method is less sensitive to cloud cover than the total SCA values derived from the same

datasets supporting the argument that the RSLE is a good alternative to SCA estimates in

challenging conditions as is asked in objective III). The reason the RSLE method is less

sensitive to cloud cover is that it estimates a single RSLE line based on the average of the

data available. This is different to the SCA that can only identify snow where it is not

covered by clouds causing a reduction in SCA values when there is cloud cover covering

a big portion of the catchment. The catchments have varying cloud cover ranging from

58.93% to  77.43% cloud  cover  over  the  period  from 2000-2016  (Table  4.)  with  an

average  cloud cover  of  71.15%.  In areas  with  high  amounts  of  cloud cover  such as

Norway,  especially  the  western  part  of  Norway  MODIS  SCA maps  can  not  provide

frequent and accurate estimates of snow cover due to the frequent cloud cover, the RSLE

method could be used to get a better accurate measurement of snow cover in the area as it

would  not  be  as  sensitive  to  the  effects  of  cloud  cover  on  estimating  the  snow line

elevation.

4.1.2 Effects of distance to sea

By comparing the fit of the SCA datasets to distance from sea (Figure 16 and 17 and table

7) it can bee seen that location of the catchment has an effect on the goodness of the fit

between the MODIS and seNorge SCA estimations. By eliminating all catchments that

were closer to sea than 20km the average R value raised by an average of 0.0435 for all

cloud filtering rates giving an average R value of 0.8444 when the data was filtered at

30% or  more,  0.7931  for  50% or  more  and  0.7102  for  70% cloud  cover.  This  also

supports the argument that the RSLE can be used as an alternative to SCA estimates. This

could be due to a more frequent cloud cover accompanying the high precipitation trends

observed  in  much  of  coastal  Norway  causing  a  reduction  in  available  data  for

comparison. Which would explain why the RSLE method shows a better fit (figure 19

and table 8) in those areas than the SCA. Based on the results presented in table 8, it can

be said that the MODIS RSLE method would provide more robust estimation of snow
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cover in areas located within 20km from sea than deriving the snow cover simply from

the MODIS SCA.

4.1.3 Applicability of the RSLE method in Norway

The agreement between the SCA derived from MODIS and the one derived from seNorge

is heavily influenced by cloud cover. As shown in Table 4 and Figure 14, the R value

improves considerably with greater cloud screening, from which can infer that the cloud

cover causes problems when estimating SCA. On the other hand, the RSLE shows only a

minor  improvement  in  the  R  value  between  the  MODIS  and  seNorge  based  RSLE

estimations. Therefore, we conclude that RSLE is less affected by cloud cover than SCA

and answer objective III) that the RSLE can provide a viable alternative to SCA in areas

where it can be hard to obtain SCA estimates. This is an advantage in areas with frequent

clouds,  such as  Norway,  and provides  an  argument  for  relying  on RSLE for  further

analysis. The fit between the MODIS and seNorge in both the SCA datasets and RSLE

datasets are quite high, especially the RSLE supporting an argument that the seNorge

snow cover maps are a good alternative to MODIS snow cover maps in cases where the

MODIS maps provide limited coverage. The RSLE data estimated in this study was not

validated  using  ground  measured  data  but  the  seNorge  dataset  is  considered  a  good

representation  of  snow  conditions  in  Norway  and  is  validated  using  ground

measurements  of  snow  (T.  M.  Saloranta  2012).  Based  on  the  good  fit  between  the

MODIS and seNorge RSLE estimations and apparent quality of the seNorge snow maps

it can be said that the RSLE method can be applied using MODIS data within Norway as

long as it is within an area covered by the MODIS data, addressing objective I). The

method needs to be verified though with snow-line observations before it can be said that

the method gives an accurate information on snow-line elevations in Norway. The fit

between the MODIS and seNorge RSLE calculations also show that the seNorge snow

maps are viable alternatives to the MODIS snow maps as an input data. The benefit of

using the seNorge data is that due to it being modeled it has no cloud cover and is not
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limited at higher latitudes due to lack of satellite coverage, providing a continuous daily

snow maps  that  can  be  used  to  estimate  RSLE daily  instead  of  intermittently  when

condition allow for satellite coverage. This can be valuable as many regions where it is

important  to  have  accurate  quantification  of  snow,  due  to  natural-hazards,  such  as

avalanches or floods, especially as high amounts of precipitation in combination with

snow melt  are major triggers of those events  (Dyrrdal et  al.  2012).  These continuous

snow map datasets can be useful in other scenarios as well, such as reservoir forecasting

where snow melt is a significant contributer to the inflow of the reservoirs and accurate

quantification  of  snow cover  at  a  high  temporal  frequency  is  vital  for  planning,  for

biological research and monitoring where snow cover is an important factor as insulation

or as an indicator of biological events such as greening (Trujillo et al. 2012).

4.2 Melt behavior

Annual melt periods for each year were estimated for all the catchments as described in

chapter 2.2.3 to address objective IV) to verify if the RSLE estimated with this method

can be used to estimate melt periods and study the processes driving variability in melt

slopes. The slope of each melt period was calculated and normalized by the elevation

range of the catchment. This is done to be able to compare catchments with different

elevations. The slope gives information on how long it takes the RSLE to travel from the

last occurrence of yearly minimum to first occurrence of yearly maximum and indicates

how  quickly  snow  melt  occurs  in  the  catchment.  Melt  slopes  could  give  valuable

information on the melt behavior of catchments and understanding what drives these melt

slopes. This information can be vital in understanding the effects of climate change on

future melt behavior and predict what effects changes in those driving factors will have

on  the  snow  regime  in  Norway.  As  temperature,  precipitation  and  topology  play  an

important  role  in  the  snow  regime  (Beniston  et  al.  2003) we  tested  the  effect  of

parameters affecting those factors on the estimated melt slopes.

Weaknesses in the method used to identify the start, duration and elevation change in the

RSLE during melt periods were identified. The method works well in catchments with stable
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RSLE  conditions  during  maximum  and  minimum  RSLE  but  is  less  effective  in

catchments where the RSLE has rapid changes reaching minimum or maximum multiple

times through the year such as in the example shown in figure 53. The method relies only

on the RSLE for identifying the melt period and therefore can misidentify the start and

end of  the melt  period  if  there are  rapid shifts  in  RSLE between the  maximum and

minimum elevation. The reasoning for using RSLE instead of SCA is the overall better fit

between MODIS and seNorge RSLE time series than observed in the fit between the SCA

time series for the same datasets as concluded in section 4.1.3. The method identifies the

start of the melt period as the last day where the RSLE is at it’s yearly minimum and the

end of the melt period as the first day where the RSLE reaches it yearly maximum. Melt

in catchments with high amount of snow at it’s lowest elevations will not respond with a

change in RSLE immediately as it will take time for the snowpack to melt out exposing

bare ground causing a change in the RSLE. To improve the methods estimation of the

melt period start other parameters could be used in addition to the RSLE change as an

indicator, such as change in SWE or snow depth based on what data is available where

the method is being implemented.
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4.2.2 Melt periods on a regional scale

To see if catchments within the same snow regions as defined by Dyrrdal et. al. (2012)

have similar melt behavior the annual melt slopes of the catchments for years 2000-2016

within each region were plotted in a boxplot showing the mean of the annual slopes and

distributions (Figures 22 - 37). By looking at those figures it can be seen that while some

regions look quite uniform such as regions 8.1 (Figure 31), 10.1 (Figure 34) and 10.2

(Figure 35) others show a big variability in mean and distribution such as regions 5.1

(Figure 26) and 11.0 (Figure 36). It can not be said that melt behavior follows similar

patterns  within  those  regions.  It  must  be  noted  that  several  of  the  regions  had  few

catchments  tested  within  and  therefore  lacked  data  to  see  if  there  are  significant

similarities  in  melt  behavior.  As seen  in  results  in  sections  3.2.2  and 3.2.3 the  most

significant contributors to the change in melt slopes are SWE, elevation range and mean

elevation while the catchment latitude, longitude or distance from sea had no significant

effect  on  the  melt  slopes.  These  snow regions  could  perhaps  be  modified  by further

separating them by mean SWE values or with a more detailed topographic separation that

captures better the topographic factors affecting snow melt.

4.2.3 Geographical effects on melt slopes

To test the effect of static factors such as elevation range, mean elevation, location of the

catchment and it’s size a linear regression analysis was done comparing these factors with

the  average  melt  slope  of  each  catchment.  The  results  presented  in  chapter  3.2.2

especially table 10 and figures 38 – 43 show the results of the analysis as well as scatter

plot showing the factors plotted against the average melt slopes. Parameters tested were

the  mean  elevation,  elevation  range,  distance  from sea,  catchment  size,  latitude  and

longitude.  Linear  regression analysis  showed that  only the  elevation  range and mean

elevation have significant effect on the average melt slopes of the catchments while the

other  parameters  showed no significant  effect  on  the  average  melt  slope.  A possible

reason for why elevation range affects melt  slope is  that melt  occurs as temperatures
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rices. If the catchment has a big elevation range the melt period of the catchment will

start earlier as melt will start earlier at the lower elevations as temperature will be higher

there than at higher elevations, while the snow at the higher elevations will melt later in

the season prolonging the melt  period for a catchment with a bigger elevation range.

Catchments with higher mean elevation show a bigger melt slope. This is most likely due

to more snow accumulation at higher altitudes as is shown in figure 49 and table 13

which show that catchments with a higher mean elevation tend to have a higher mean

SWE value this fits  with earlier studies indicating more snow accumulation at higher

elevations (Berthling, Eiken, and Sollid 2001; Dyrrdal et al. 2012). The method used to

determine the melt periods relies on change in the RSLE so it might not determine a

correct  start  of  melt  period  in  catchments  with  high  amount  of  snow  at  it’s  lower

elevation boundary, as melt might occur for some time before complete a change occurs

in the snow maps used to determine the RSLE used as input in the melt period method,

causing an error. A more detailed analysis of geographical factors affecting melt slopes

combined with a method that identifies melt periods based on other factors than RSLE

alone is suggested to establish a more concrete relationship between those factors and

melt slopes.

4.2.4 Meteorological effects on melt slopes

Geographical factors can affect melt slopes as mentioned in the chapter before but the

rate of snow melt depends on the snow pack warming up to melting temperature which

happens  when energy  is  introduced  to  it.  The  melt  period  is  also  influenced  by  the

amount of snow mass that needs to melt as more mass requires more energy and more

time at same energy levels as less snow mass would to melt. Four variables were tested

using linear regression analysis to test if they had a significant relationship with the melt

slopes estimated and were plotted out in scatter plots (Figures 45 – 48) and colored by the

elevation  range  of  the  catchments.  These  variables  were,  max  SWE,  average  liquid

precipitation, normalized PDD and mean temperature during the melt period. The peak

SWE shows the clearest relationship with the melt slopes with an R2 value of 0.3132. A

69



multiple linear regression analysis using the melt slopes as the dependent variable and

SWE, mean elevation and elevation range as the independent variables (Table 12) show

that these factors explain the change in melt slopes quite well, especially the elevation

range and peak SWE value,  with a R2 value of 0.848. Higher elevations have bigger

accumulation rates of snow, especially in the mountains of western Norway were high

amounts of precipitation falls  (Uvo 2003) which during winter mainly precipitates as

snow contributing to large snow depths in the mountains and central Norway (Dyrrdal et

al.  2012). This also fits with the results shown in figure 49 and table 13 that show a

relationship between the mean elevation of a catchment and the snow amount in terms of

SWE.  This  could  attribute  to  the  higher  melt  slopes  at  higher  elevations  and  bigger

elevation  ranges  but  a  more  detailed  study  would  be  needed  to  verify  that.  Due  to

collinearity of the variables used as independent variables in the MLR the contribution of

each  individual  variable  can  not  be  verified.  A more  detailed  study,  testing  more

parameters against melt slopes is needed to better understand the factors affecting change

in the melt slope and the contribution each variable has on the melt slope.

4.2.5 Rain on snow events

Rain on snow events or of particular interest to hydrologists, especially those working in

the field of flood forecasting. Rain on snow events have been connected to floods in

Norway  (Vormoor et al. 2015) as well as triggering other events such as landslides or

debris flows (Dyrrdal et al. 2012). To test if rain on snow events would affect melt slopes

51 rain on snow events were identified. The events considered occurred during the melt

periods  and had  daily  precipitation  rate  that  was  higher  than  the  70% of  the  yearly

maximum precipitation for the catchment being investigated. Out of those 51 rain on

snow events, four showed a considerable change in melt slope after the event compared

to the melt slope before the event occurred. The melt slope after the rain on snow events

in these four cases did not follow a pattern, with two of them having a positive effect on

the melt slope and two of them a negative effect. In most cases no significant change

occurred in the melt slope before and after the event. Since the melt slopes are based on
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change in RSLE a rain on snow event would need to contribute to change in RSLE to

affect the melt slope. Depending on the topography and amount of snow in catchment,

melt can occur without affecting the RSLE. Therefore if a rain on snow event does not

affect the rate of change RSLE it will not be detected in the melt slope.

4.2.6 Applicability of melt slopes

The melt slopes calculated using RSLE and the method described in section 2.2.3 showed

that some factors affecting them could be identified,  mainly the elevation parameters

tested:  elevation  range  and  mean  elevation  of  the  catchments,  and  the  SWE.  The

drawbacks of the method are that it does not necessarily identify the correct start of the

melt season or any events that do not affect change in the RSLE. A melt slope calculated

using different input variables, such as SWE or increase in runoff for identifying the start

of the melt period might improve the slope as a descriptor. It was not possible detect any

significant change in melt slope during rain on snow events, indicating that the melt slope

is not sensitive enough to be used to identify such events. Objective IV) was to verify if

RSLE estimated with the method described in section 2.2.1 could be used to estimated

melt periods and study the processes driving variability in melt slopes. The melt slopes

were  useful  in  identifying  some  parameters  affecting  melt  slope  variability  such  as

elevation parameters and SWE but overall do not provide robust means for analyzing the

processes that occur during melt.
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5. Conclusions

In this study a method for calculating regional snow-line elevations (RSLE) was tested in

70 catchments in Norway using both MODIS snow maps as suggested by the methods

author and the seNorge modeled snow maps that were used for validation due to lack of

observed snow-line data and as an alternative to MODIS to address issues of cloud cover.

The research questions set forward at the beginning of the study:  I) test a method for

estimating regional snow-line elevations or RSLE using MODIS snow maps (Krajčí et al.

2014) in Norway, II)  test  if  the seNorge snow cover maps are a viable alternative to

MODIS snow cover  maps  when estimating  RSLE,  III)  test  if  it  can  provide  a  good

alternative to SCA in areas where it is difficult to obtain SCA estimates; and IV) verify if

RSLE estimated with this method can be used to estimate melt periods and study the

processes driving variability in melt slopes.

Comparing the fit between the SCA estimated using both MODIS and seNorge snow

maps at different cloud filtering rates shows that eliminating days with a high percentage

of cloud cover increased the fit between the SCA values by a considerable amount, with

correlation coefficients ranging from 0.6387 to 0.7706, indicating that cloud cover has a

big impact on estimating SCA from the MODIS snow maps. The RSLE estimated only

improved  slightly  when  cloudy  days  were  filtered  out,  with  correlation  coefficients

ranging from 0.8356 to 0.8695 calculated between the MODIS and seNorge estimates.

Looking  at  objective  I)  we can  see  that  the  good fit  between  the  results  using  both

MODIS and seNorge data as input indicates that the method is a viable option in Norway

as long as the area is covered by the MODIS, this needs further verifying though using

snow-line observations. Objective II) is also answered by the good apparent fit between

the MODIS and seNorge RSLE and SCA during conditions that where MODIS data is

available. This indicates that the seNorge snow maps are a good representation of actual

snow conditions in Norway. That in conjunction with the fact that the seNorge snow
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maps are unaffected by cloud cover or sun conditions make them a viable alternative to

MODIS snow maps when estimating RSLE. Objective III was to evaluate if the RSLE

could  provide  an  alternative  to  SCA  in  areas  where  estimating  SCA  is  difficult.

Comparing the RSLE with SCA at different cloud filtering rates shows that the RSLE is

less  affected  by  cloud  cover  than  the  SCA indicating  that  the  method  is  a  viable

alternative to using SCA values in areas with a high cloud frequency.

Objective IV was to verify if the RSLE could be used to estimate melt periods and study

the processes driving variability in melt slopes. The RSLE time-series derived using the

RSLE method can be used to determine melt periods for catchments to some extent, but

has  several  shortcomings  that  need to  be  addressed  such as  potential  inaccuracies  in

determining melt period start and complications in catchments where RSLE fluctuates

frequently.  Based  on  the  analysis  comparing  the  estimated  melt  slopes  with  factors

affecting the slopes the only variables tested that showed a correlation with the melt

slopes were elevation, both elevation range and the mean elevation of the catchment and

SWE as seen in section3.2.2 and 3.2.3. Rain on snow events seemed to have no visible

affect  on the slopes as seen in  section 3.2.4.  To conclude,  the RSLE can be used to

estimated melt periods and identify factors driving variability to some extent but is not a

very robust method.

5.1 Further development

• The seNorge snow-cover dataset,  despite being a good representation of snow

conditions in Norway is a modeled dataset and therefore not empirical data that

can be used to verify if the RSLE estimates are accurate. To verify if the RSLE

estimated are showing an accurate estimation of snow-lines in Norway, a study

comparing RSLE estimated using MODIS and seNorge need to be compared with

observations of snow line elevations.
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• To get a better estimation of the melt period start, more parameters, such as SWE,

snow depth or temperature need to be integrated into the method to account for

snow melt that does not affect the snow-line elevation.

• A study investigating what factors trigger the start of a melt period. In this study

the  factors  affecting  the  slope  of  the  melt  periods  were  studied  but  not  what

triggers the start of the melt period. To accomplish that the method for estimating

melt period start needs to be improved.

• Integrating  the  RSLE  estimations  into  peak  flow  analysis  to  analyse  the

relationship between change in RSLE and increased flow rates. This could have

be beneficial to flood forecasting.
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Apendix A

Apendix A shows the scripts used to calculate the RSLE and melt slopes:

Apendix A.1: RSLE Script

import subprocess
import os
import os.path
import numpy as np
import gdal
import numpy.ma as ma
import csv
import pandas as pd
import time
import shutil
start = time.time()

scriptpath = os.path.dirname(os.path.abspath(__file__))

#Paths to input and output data.
shapedir = '/dir/to/catchment/shape/files/'
shpfinish = '/dir/to/used/catchment/shape/files'
indem = '/path/to/dem/covering/cathments.tif' #DEM tif input
outdem = os.path.join(scriptpath, 'temporary_catchm.tif')
modisdir = '/dir/to/modis/snow/cover/tif/files'
outmodis = os.path.join(scriptpath, 'buffer_mod.tif')
result_path = '/dir/to/where/result/files/are/saved/'

#Make shure all files, shape, dem and modis are in the same projection.

#Make a list of shape files
shpfiles = os.listdir(shapedir)

#Loop through basin shape files.
for shapef in os.listdir(shapedir):
    if shapef.endswith(".shp"):
        basinshape = shapef
        shape = os.path.join(shapedir, shapef)
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        #Create empty arrays to store results in.
        rsle_list = np.array([])
        modis_list = np.array([])
        snow_list = np.array([])
        land_list = np.array([])
        cloud_list = np.array([])

        #Here we cut the DEM by the catchment shapefile mask.
        if os.path.exists(outdem):
            os.remove(outdem)
        subprocess.call(['gdalwarp','-cutline', shape, '-crop_to_cutline','-dstnodata','"-9999.0"', 

         indem, outdem])

        #Here we read the dem  into a numpy array.
        cdme = gdal.Open(outdem)
        srcband = cdme.GetRasterBand(1)
        stats = srcband.GetStatistics(True, True)
        elev = np.array(cdme.GetRasterBand(1).ReadAsArray())

        #Calculate min and max elevation of the cathment.
        minelev = elev[elev>0]
        minelev = minelev.min()
        minelev = minelev.astype(int)
        maxelev = elev.max()
        maxelev = maxelev.astype(int)
        print('Max: ', maxelev, 'Min: ', minelev)
        print(shapef)

        #Here we will start the loop that loops through the modis images.
        for inmodis in os.listdir(modisdir):
            if inmodis.endswith(".tif"):
                modisname = inmodis
                inmodis = os.path.join(modisdir, inmodis)
                #We cut the MODIS tiff by the catchment shapefile mask.
                if os.path.exists(outmodis):
                    os.remove(outmodis)
                subprocess.call(['gdalwarp','-cutline', shape, '-crop_to_cutline','-dstnodata','"-9999.0"', 

inmodis, outmodis])

                #Read the modis and dem as numpy arrays.
                cmod = gdal.Open(outmodis)
                modis = np.array(cmod.GetRasterBand(1).ReadAsArray())
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                #Count number of pixels of certain types in the MODIS
                snow = (modis == 200).sum()     #freq of snow pixels
                cloud = (modis == 50).sum()     #freq of cloud pixels
                land = (modis == 25).sum()      #freq of land pixels
                night = (modis == 11).sum()     #freq of night pixels
                misda = (modis == 0).sum()      #freq of missing data pixels
                nodec = (modis == 1).sum()      #freq of no decision pixels

                #Create elevation steps.
                elevb = list(range(minelev, maxelev, 10))

                #Create an empty dictionary for results to be appended into.
                nidurst = {}

                #Loop through elevation steps of the catchment to estimate snow line elevation.
                for i in elevb:
                    #Create matrix with only values above the elevation band being tested.
                    elevtvo = elev > i
                    elevtvo = elevtvo.astype(int)
                    elevbe = elev < i
                    elevbe = elevbe.astype(int)
                    above = np.multiply(elevtvo, modis)
                    below = np.multiply(elevbe, modis)
                    sumpix_above = above.sum()
                    #Estimate the number of snow pixels above and belove elevation being tested.
                    snon = (below == 200).sum()
                    #Estimate numner of land pixels above and below elevation being tested.
                    lanu = (above == 25).sum()
                    #Calculate ratios of snow and land pixels above and below the elveation being tested.
                    snolanrat = snon + lanu#/sumpix_above
                    nidurst[snolanrat] = i
                    #Get the elevation with minimum snow pixels below and land pixels above.
                    rsle = min(nidurst.items(), key=lambda x: x[0])
                    rsle = rsle[1]
                    #Print results
                rsle_list = np.append(rsle_list, rsle)
                modis_list = np.append(modis_list, modisname)
                snow_list = np.append(snow_list, snow)
                land_list = np.append(land_list, land)
                cloud_list = np.append(cloud_list, cloud)
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                #print('RSLE: ', rsle, 'mas, Snow: ', snow, ', Clouds: ', cloud, ', Land: ', land, ', Night: ', 
night, ', Missing data: ', misda, ', No decision: ', nodec, 'MODIS: ', inmodis)

        #Collect results into a pandas dataframe and write them to a csv file.
        nidur_rsle = pd.DataFrame(data=rsle_list, columns=['RSLE'])
        nidur_modis = pd.DataFrame(data=modis_list, columns=['MODIS'])
        nidur_snow = pd.DataFrame(data=snow_list, columns=['Snow'])
        nidur_land = pd.DataFrame(data=land_list, columns=['Land'])
        nidur_cloud = pd.DataFrame(data=cloud_list, columns=['Cloud'])
        nidurst = [nidur_modis, nidur_rsle, nidur_snow, nidur_land, nidur_cloud]
        fin_nid = pd.concat(nidurst, axis=1)
        print(fin_nid)
        resultcsv = result_path + basinshape + '.csv' #Name of the outputfile
        fin_nid.to_csv(path_or_buf=resultcsv, sep=',')
        shp_move = basinshape[:-4]
        for f in shpfiles:
            if f.startswith(shp_move):
                shpmove = os.path.join(shapedir, f)
                shpmoveto = os.path.join(shpfinish, f)
                shutil.move(shpmove, shpmoveto)
end = time.time()-start
endcomment = "Script has finished running! Hurraaa! It took the script ", end, "second to run!"
print(endcomment)

Apendix A.2: Melt period script

import pandas as pd
import numpy as np
import datetime
from datetime import datetime
import os
import os.path

#Directories of import files and output files

raw_results = '/path/to/input/files/'
output_results = '/path/to/output/files/'

#Create arrays for the average slope

aver_catch = np.array([])
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aver_slope = np.array([])
vari_slope = np.array([])

#Make a list of the years that your data spans.
years = [2000, 2001, 2002, 2003, 2004, 2005, 2006, 2007, 2008, 
         2009, 2010, 2011, 2012, 2013, 2014, 2015, 2016]

start_date = '1/1/2000'  #Write the start date of your dataset in the format d/m/year
number_days = 6084       #The number of days your data spans.

#Loop through the result files and process each one.

for res in os.listdir(raw_results):
    if res.endswith(".csv"):
        print('Cathchment: ', res)
        catch = res
        res = os.path.join(raw_results, res)
        #Import the result file and set it up as a Pandas dataframe
        result = pd.read_csv(res, header=0, sep=',',  index_col  = [0])
        result.index = pd.to_datetime(result.index)

        #Select which data source to use

        data = result['S_RSLE_Norm']          #Senorge data
        #data = result['M_RSLE']          #MODIS data
        #data = result['M_RSLE_70pC']     #Modis data with 70% cloud days removed

        #Make an object including only the S_RSLE series

        s_rsle = data[::-1]
        s_rsle = s_rsle.shift(-2)

        #Create an empty array to store mask data in.
        melt_mask = []

        #Shift the S_RSLE up by one day
        S_RSLE_p1 = data.shift(1)

        #Loop through the S_RSLE and identify where the slope 
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        #of the series is positive, negative or constant.

        for a, b in zip(data, S_RSLE_p1):
          if a - b > 0:
            melt_mask.append(a)
          elif a - b < 0:
            melt_mask.append(a)
          else:
            melt_mask.append(0)

        #Make the array a numpy array.

        melt_mask = np.array(melt_mask)

        #Convert the zeros in the array to NaN values.

        melt_mask[melt_mask == 0] = np.nan

        #Convert the Date column into a numpy array and 
        #combine melt and date in a DataFrame.

        melt_mask = pd.DataFrame(data=melt_mask, columns=['MeltP'])
        date = result['Date'].tolist()
        datetime_index = [datetime.strptime(x, '%Y.%m.%d') for x in date]
        rng = pd.date_range(start_date, periods=number_days, freq='D')
        melt_mask = melt_mask.set_index(rng)

        #Lets reverse the dataframe.

        melt_mask = melt_mask[::-1]
        melt_mask = melt_mask.shift(-2)

        #Loop through the data and from 31.August find the closest
        #max elevation.

        #Create a datafram for the resultes (inside catchment loop).

        results = pd.DataFrame()
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        #First we loop through each year since we are looking for
        #Yearly events.

        for y in years:

            st = datetime(y, 1, 1, 0, 0)
            en = datetime(y, 12, 31, 0, 0)
            end_aug = datetime(y, 8, 31, 0, 0)
        
            re_year = melt_mask[end_aug:st]
            day_count = 0
            year_count = np.array([y])
            begin = np.array([])
            end = np.array([])

            year_ts = data
            year_ts = year_ts[st:en]

            min = year_ts.min()
            max = year_ts.max()

            for i, a in zip(re_year['MeltP'], re_year.index):
                if i == max:
                    end = np.append(end, a)
                    break
            re_year_sec = s_rsle[a:st]
            for i, b in zip(re_year_sec, re_year_sec.index):
                day_count = day_count + 1
                if i == min:
                    begin = np.append(begin, b)
                    break
            day_count_arr = np.array([day_count])
            
            #Calculate the slope
            slope = (day_count/year_ts.size) / (max-min)
            slope = np.array([slope])

            #Insert the results into dataframes
            year_count = pd.DataFrame(data=year_count, columns=['Year'])
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            beginning = pd.DataFrame(data=begin, columns=['Beginning'])
            ending = pd.DataFrame(data=end, columns=['End'])
            day_counting = pd.DataFrame(data=day_count_arr, columns=['Days'])
            sloper = pd.DataFrame(data=slope, columns=['Slope'])

            concat_list = [year_count, beginning, ending, day_counting, sloper]
            nidur = pd.concat(concat_list, axis=1)
            nidur.set_index(['Year'])

            results = pd.concat([results, nidur], axis=0)

        #Lets take the average and variance of the slope for the cathment
        #over the whole period.

        slope_average = results['Slope'].mean()
        slope_variance = results['Slope'].var()

        aver_catch = np.append(aver_catch, catch[:-4])
        aver_slope = np.append(aver_slope, slope_average)
        vari_slope = np.append(vari_slope, slope_variance)

        print(results)
        resultcsv = output_results + 'melt_' + catch #Name of the outputfile
        results.to_csv(path_or_buf=resultcsv, sep=',')

#Gather the averages into DataFrames and save the output.
catchment_df = pd.DataFrame(data=aver_catch, columns=['Catchment'])
aver_slope_df = pd.DataFrame(data=aver_slope, columns=['Average slope'])
vari_slope_df = pd.DataFrame(data=vari_slope, columns=['Variance of slope'])

aver_concat_list = [catchment_df, aver_slope_df, vari_slope_df]
aver_result = pd.concat(aver_concat_list, axis=1)

ave_resultcsv = output_results + 'slope_average_variance.csv'
aver_result.to_csv(path_or_buf=ave_resultcsv, sep=',')

print('Everything has melted…')
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Apendix B

Factsheets explained in section 2.2.2 for all catchments used in the study.
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