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Abstract 

 

The flood forecasting service in Norway comprises catchments located, partially or 

completely, in mountainous areas where storage and melt of snow have large effect on 

the flow dynamics.  In order to deliver timely and accurate flood forecasts, understanding 

the nature of the spatial variability of snow accumulation and melt, and the processes 

affecting the melt rate is crucial.  This thesis evaluates a snow distribution model 

(G_model), and an energy balance approach for modeling snowmelt (EB_model), both 

free from calibrated parameters and with precipitation and temperature as input forcings.  

The G_model uses the gamma distribution as the spatial frequency distribution for 

accumulation and melting and are parameterized from observed precipitation patterns.  

This model is compared with the current snow distribution model (LN_model) in the 

hydrological models at the flood forecasting service in Norway, where snowfall are 

lognormally distributed in space with a calibrated coefficient of variation and melt is 

spatially uniform.  Both the G_model and EB_model are implemented in the hydrological 

model Distance Distribution Dynamics and evaluated for the alpine catchment Sula in 

Jotunheimen, Norway.  In addition, observed melt distributions for a snow course near 

Sula is used in the evaluation of the G_model.  Several validation methods have been 

used in order detect structural errors and parameter uncertainty, and to assess the 

representativeness of the physical processes of snow distribution and melt in the proposed 

models.  Validation of the snow distribution models with the snow course measurements 

showed better model performance of the G_model than the LN_model in the temporal 

changes in mean, spatial variability and snow-covered area.  The implementation of the 

G_model in the DDD model resulted in reduced uncertainty in the validation period.  

Furthermore, there was an apparent improvement in modelling the snow cover pattern, 

which was verified with satellite images.  Although the implementation of the EB_model 

resulted in lower model performance of the DDD model, it may have a promising 

potential for improvements after a more comprehensive analysis of the parameters and 

with additional inputs like cloud cover and wind speed from weather forecast models. 
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1 Introduction 

 

An important source of uncertainty and errors in predictions of snowmelt floods is the 

snow modelling.  In Norway, about one third of the precipitation falls as snow (Saloranta, 

2012) and hence many of the worst floods in Norway happen when snowmelt and rainfall 

occur simultaneously.  In 2011, 2013 and 2014 Norway experienced several large floods.  

Amongst the worst were 100-year floods in the middle and south of Norway in 2011 

(Kleivane, 2011; Pettersson, 2011).  These floods caused considerable damages on roads 

and infrastructure and the economic consequences were large.  This emphasizes that a 

realistic representation of the spatial distribution of snow, which is the basis for 

calculating the intensity and timing of snowmelt, is crucial for reliable predictions of the 

runoff values of snowmelt floods.  In addition to flood forecasting, modelling the 

quantity and spatial distribution of snow is of important for hydropower production, 

climate studies and water management. 

 

The flood forecasting service in Norway uses two rainfall-runoff models, namely, the 

HBV model operational since 1989 (Boje, 2014), and the Distance Distribution 

Dynamics (DDD) model operational since 2013.  The purpose of the development of the 

DDD model is to improve the prediction of runoff by deriving parameters from observed 

catchment features and thus reduce the number of calibrated parameters (Skaugen and 

Onof, 2014). 

 

Part one of this thesis evaluates two different methods for modelling the spatial 

distribution of snow.  In the DDD model, the current spatial distribution of a snowfall 

event is lognormal with a calibrated coefficient of variation (CV). Snowmelt is spatially 

uniform.  The new method uses a gamma distribution as the spatial frequency distribution 

of both snow accumulation and melting (Skaugen and Randen, 2013).  The distribution 

has two catchment specific parameters estimated from observed spatial variability of 

precipitation, thus this routine is free of calibration parameters.  The proposed methods, 

hereafter named the LN_model (lognormal) and the G_model (gamma) are tested and 
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compared on the Sula catchment situated south in Jotunheimen mountain area, both on 

local scale for a snow course situated close to Sula, and on catchment scale.  The 

distribution of snow water equivalent (SWE) changes during winter based on the history 

of accumulation and melting events.  In the LN_model and G_model both snow 

accumulation and melting are differently distributed in space.  This will result in different 

shape of the spatial probability density function (PDF) of snow water equivalent (SWE) 

previous to the melt period, and hence the temporal evolution of the snow covered area 

(SCA) contributing to melt will be different in the two models (Skaugen et al., 2004).  

The purpose is to investigate if the simulated gamma distribution, where the 

parameterization is directly linked to the spatial distribution of the precipitation, 

reproduces the distribution of SWE better than the LN_model and improves runoff 

simulations in the DDD model. 

 

The choice of distribution function for modelling the snow distribution is crucial for the 

evolution of SCA during the melt period.  Different probability distributions like the 

normal, lognormal and gamma are applied in snow distribution models (Liston, 2004; 

DeBeer and Pomeroy, 2010; Egli, 2011; Skaugen and Onof, 2013; Helbig et al., 2015).  

This ambiguity indicates gaps of knowledge and that a better process understanding of 

the spatial distribution of snow should be pursued in further research.  A central question 

will then be how to develop a snow distribution model that captures the spatiotemporal 

changes in the distribution of SWE at catchment scale, which is impractical to observe, 

for regions with different climate. 

 

The purpose of part two in this thesis is to compare an energy balance approach 

(EB_model) for snowmelt modelling with the current Temperature-Index approach 

(TI_model) in the DDD model.  There are a large variety of methods for computation of 

snowmelt and glacier ablation from the empirical temperature-index model to detailed 

physically based energy balance models and numerous variants in between (Hock, 2005; 

Ohmura 2001).  The wide use of the temperature index method for modeling snowmelt is 

largely due to its simplicity and that a large number of studies show that the temperature 

is highly correlated with melting (Ohmura, 2001).  Thus, the TI-method is often sufficient 
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for modeling snowmelt in hydrological models, i.e. for catchment scale and at daily time 

steps (Ohmura 2001; Hock 2003).  The TI_model estimates snowmelt as a linear function 

of the temperature with a calibrated degree-day coefficient (CX) when the temperature is 

higher than the threshold temperature for snowmelt (TS).  The EB_model comprises all 

the physical processes affecting the energy exchange in the surface-atmosphere interface 

and snowmelt occurs when there is an energy surplus.  The implementation of the 

EB_model in the DDD model induces a more complex snowmelt model as it consists of 

12 subroutines compared to one in the TI_model and eliminates two calibrated 

parameters.  This is the first time an energy balance approach for snowmelt modeling is 

tested in the DDD model.  Due to this fact and considering the simplifications inherent in 

the EB_model, one might not expect improved model performance for the DDD model 

containing the energy balance approach, but rather an indication of its potential as a 

snowmelt model at catchment scale using regional parameterization and simplifications 

(Skaugen and Saloranta, 2015). 

 

In a larger context this work is in line with the widely international interest the last 

decades; to improve the understanding of hydrological processes and to develop 

hydrological models from parameter-rich models with many calibration parameters to 

parameter parsimonious models with parameters derived from information of the nature 

and the catchment itself (Hrachowitz et al., 2013).  This work attempts to reduce the 

number of calibrated parameters in the DDD model from 12 to nine.  The development 

and implementation of physically based parameters and a reduction in parameters to be 

calibrated is associated with reduced prediction uncertainty and improved predictions in 

atypical years (Hrachowitz et al., 2013).  Reduced prediction uncertainty implies a more 

robust model, i.e. more reliable runoff predictions.  If the accuracy and details in the two 

new versions of the DDD model (DDD_G and DDD_EB) are maintained after the 

implementation for the Sula catchment, they may be implemented in the DDD model for 

the other catchments in the flood forecast system at the Norwegian Water Resources and 

Energy Directorate (NVE).  Otherwise, they might form a basis for further research on 

the processes governing snow accumulation and melt. 
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The primary objective of this thesis is to introduce calibration-free methods for modelling 

the spatial distribution of snow (G_model), and snowmelt (EB_model). 

 

The secondary objective is to investigate if the G_model and the EB_model, both with 

temperature and precipitation as its input forcing, give a more realistic representation of 

the physical processes associated with snow accumulation and melting, and a better 

model performance and reduced uncertainty of the DDD model.  The objectives require 

more complicated and additional analysis tools and validation methods than the 

commonly used split sample test, and will, hopefully, result in instructive findings.  The 

G_model is validated with observations of the melt distribution along a snow course.  

After implementation in the DDD model, simulations of runoff, snowmelt induced floods 

and SCA are evaluated against observations for both the G_model and EB_model.  In 

addition, SWE and groundwater fluctuation are analysed. 

 

This thesis is organized as follows.  Section 2 describes the study areas and climate.  In 

Section 3 the data applied in model testing, calibration and validation are presented.  

Section 4 gives a brief description of the LN_model and a more detailed description of 

the G_model and the EB_model.  Also the DDD model is shortly introduced.  The results 

are presented in Section 5 and discussed in Section 6.  The conclusions are summarized 

in Section 7.  In all sections, the G_model is treated before the EB_model. 
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2 Study area 

2.1 Location 

This study comprises two study areas, the Sula catchment and Filefjell research site 

(FRS), both situated south in Jotunheimen mountain area (Fig. 1).  The Sula catchment 

was selected for testing the G_model and the EB_model in the hydrological model DDD.  

In addition, the G_model is individually tested on a snow course at FRS located 1.0 km 

southwest of the gauging station in the Sula catchment (Fig. 7). 

 

At Filefjell research site both the Norwegian Meteorological Institute (MET) and NVE 

continuously measure numerous of meteorological and hydrological variables (Glad, 

2014), which makes it well suited for testing and validation of the G_model and the 

EB_model.  The FRS has been selected as representative for the arctic climate in the 

mountain areas of Norway (Stranden and Grønsten, 2011).  Observations of snow 

variables influencing the estimation of accumulation, melt and spatial distribution of 

SWE at FRS are available at databases at NVE. 
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Figure 1.  Map over the Sula catchment and the locations of Filefjell Research site and 

meteorological stations.  The location of Filefjell mountain area in Southern Norway is 

shown on the map at the bottom right. 

 

2.2 Climate 

The study areas are located at the drainage divide between east and west of the central 

part of Norway (Glad, 2014).  On the west coast there is coastal climate and eastward the 

climate is gradually changing to continental.  Due to the westerly winds and orographic 

effect moist air masses from the Atlantic Ocean are forced to ascend when it reaches 
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areas with higher altitude in the central Norway, the air cool, and cause precipitation if 

saturated (Gjessing, 1977).  This weather pattern is observed at Filefjell; the winter 

precipitation measured at FRS (no 54710, Fig. 1) is more highly correlated with the 

weather station representative for the weather at the west coast than the one 

representative for the continental climate east of the mountain range (Stranden and 

Grønsten, 2011). 

 

2.2.1 Precipitation 

As Filefjell is situated at the drainage divide between the east and west of southern 

Norway, the orographic effect cause the westerly air masses to release much of its 

precipitation before reaching Filefjell.  This is clearly shown in Figure 2, where the 

purple and dark blue areas at the west coast are the areas in Norway receiving the highest 

annual precipitation.  The mean annual precipitation at FRS is 560 mm (YR, 2015a).  

Due to the hilly and uneven terrain west of the drainage divide in central Norway, the 

local differences in precipitation are large (Gjessing, 1977).  Lærdal, which is located in 

the sheltered inner part of Sognefjorden, receives 444 mm/year (Gjessing, 1977) and 

Brekke meteorological station at the outlet of Sognefjorden where the orographic effect is 

higher receives 3575 mm/year (MET, 2015a). 
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Figure 2.  Annual precipitation in Southern Norway (seNorge 2015). 

 

 

 
Figure 3.  Mean monthly precipitation at Filefjell 1961-1990.  The data is extracted from 

METs observations at the FRS (no 54710, Fig. 1) (From YR, 2015a). 
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2.2.2 Snow 

The snow season at the FRS is from late October to mid-May (Stranden and Grønsten, 

2011).  NVE’s observations of the annual maximum SWE for the period 1967 to 2007 is 

averaged to 320 mm, which implies that about 57 % of the precipitation is snow.  

Presumably, the amount of snow increases with height due to both the temperature- and 

the precipitation gradient resulting in a longer snow season in the higher parts of Sula 

catchment.  Most of the snow in the Sula catchment melts during May and June.  

Observations of the snow covered area (SCA) extracted from xGeo snow cover maps (see 

Section 3.3) show that Sula catchment is usually snow free in late June or the beginning 

of July. 

 

2.2.3 Wind 

The predominant wind direction at FRS is east–west along the valley, mainly westerly, as 

previously mentioned, but occasionally the wind direction is from east (Stranden and 

Grønsten, 2011), which probably affect the spatial distribution of snow (Stranden and 

Ree, 2014). 

 

2.2.4 Temperature 

At FRS, the mean annual temperature is 0.9°C (YR 2015b).  The annual temperature 

amplitude is approximately 20 °C (Fig. 4), the lowest mean daily temperature of -9.0 °C 

occurs between January and February and the highest mean is 9.5 °C in late June (eklima, 

2015).  The daily temperature normals at Varden meteorological station (no 54730, Fig. 

1) at Filefjell are extracted from MET’s climate data web service (www.eklima.met.no).  

The highest monthly average in 2014 was 13.3 °C in July and the lowest -6.0 °C in 

January (YR, 2015a). 
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Figure 4.  Seasonal variation in temperature (purple line) at Filefjell, measured at 

Varden meteorological station (no 54730, Fig. 1).  (From eklima, 2015). 

 

2.3 Sula catchment 

The Sula catchment area is 30.32 km2 and the elevations range from 1000 m a.s.l. at the 

gauging station to 1812 m a.s.l. at Sulefjellet.  The terrain is gentle in the northern lower 

part of the catchment, and undulating in the upper part in southwest where the catchment 

is delimited by a mountain range with several tops around 1800 m a.s.l.  The catchment 

and the unregulated river Sula are facing northwest.  The river reaches the valley close to 

where the snow measurements are carried out. 

 

 
Figure 5.  The gauging station at the outlet of the Sula catchment.  (Photo: NVE) 
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Catchments located at a high altitude can be characterized as a spring flow regime, with 

the annual peak discharge most often occuring in May, June or July and the period with 

the lowest annual discharge at the end of the snow accumulation season (Tollan, 1972).  

In Sula, the effects of the spring flow regime are reflected in the hydrographs (Figs. 17–

20, 28 and 29).  The peak flow appears in May or June in all the years analyzed in this 

study.  The peak discharges in the spring are several orders of magnitude larger than in 

the autumn.  The mean discharge is 30.5 l/(s km2) (NVE Atlas, 2015), which is 

equivalent to 0.92 m3/s. 

 

The vegetation in the area around Sula is naturally sparse, but climatic conditions as 

larger daily temperature amplitude and more clear weather in continental than coastal 

areas allow the different vegetation zones to be among the highest in Norway in the 

central parts of Jotunheimen (Moen, 1998).  This is due to the fact that the timberline 

increases with the daytime temperature and incoming sunlight.  The climatic timberline is 

about 1200 - 1300 m a.s.l. in the Jotunheimen mountain area, with birch observed even 

higher in south facing slopes.  It is primarily the subalpine birch forest adapted to cold 

climate that grows in the upper limit of the timberline, while spruce and pine grows up to 

1000 m.a.s.l.  Most of the catchment is situated at and above the timberline (see Table 1) 

where only bushes and grass grow and a large part is characterized as bare rock.  

Catchment characteristics for Sula are given in Table 1. 

 

Table 1.  Catchment characteristics of the Sula catchment determined from GIS (NVE, 

2011).  

 Unit  

Lake [%] 9.14 

Bogs [%] 0.56 

Effective lake [%] 3.78 

Glacier [%] 0.43 

Forest [%] 0.13 
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Bare rock [%] 89.48 

Catchment gradient [m/km] 18.13 

River gradient [m/km] 35.11 

Field length [km] 11.01 
* The area of the lakes in the catchment are weighted depending on how much of the catchment area that 

drains to the lake.  The weights of all the lakes are summed. 

 

2.4 Filefjell research site 

The snow course at FRS is located in a flat area in the east-west directed valley 956 m 

a.s.l.  The snow course is situated in a bog area with grass and bushes, like willow 

thickets, and dwarf birch. 

 

 
Figure 6.  The snow course at FRS at the first (left) and last (right) measurement.  The 

camera is facing west at the left picture and east at the picture to the right.  (Photo: 

Ingunn Weltzien) 
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Figure 7.  Map over Filefjell Research Site showing the location of the measuring points 

(bamboo stakes) along the snow course.  
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3 Data 

3.1 Snow course measurements 

The snow course measurements were conducted between the 15th and 20th of May 2014.  

The measurements were performed along a snow course of 450 m with 34 stakes at 8 

a.m. and 8 p.m. resulting in ten measurement series (nine melt events).  All the 

measurements are presented in Appendix A.  The snow depth was measured at each 

stake, and the density was measured two times at four randomly selected stakes.  The 

average of the eight density measurements were used to calculate SWE for each stake 

with the following equation 

 

      SWE = !!
!!
×!h!  [mm]    (1) 

 

where ρs is the density of the snow,  ρw is the density of water and hs is the snow depth. 
 

A Federal Sampler snow tube (FS) was used to find the snow densities: !! = !!
!!

, where 

!! is the mass of the snow sample and !! is the volume of the sample.  The sampled 

snow tubes where weighted and divided by the volume of the sample, which was 

calculated as: π!!!"! !×!h!, where !!" is the inner radius of the federal sampler. 

 

The inputs in the LN_model and the G_model are the unconditional units of melt (see 

Section 3.4.2) (Skaugen and Randen, 2013), which are used to validate the snow 

distribution models.  In addition to the measurements from the fieldwork, this study 

includes NVE’s measurements of the same snow course from the snow seasons 

2010/2011 and 2011/2012 (Skaugen and Randen, 2013). 

 

The temperature throughout the entire depth of the snowpack were 0 °C at all ten 

measurements.  The combination of a ripe snowpack and high air temperatures (Table 2) 

resulted in significant melting during the observation period (Fig. 6).  For the stakes with 
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snow present at the last measurement, the SWE decreased with 138.4 mm in average 

during the five days of observation. 

 

Table 2.  The weather conditions at Filefjell Research site during the days of fieldwork 

(YR, 2015b). 

 

 

 

3.2 Calibration and validation data 

The DDD model runs with both a 3-hourly and daily temporal resolution.  The longest 

continuous time period with available observed precipitation, temperature and runoff data 

are extracted and divided into a calibration and a validation period presented in Table 3.  

For 3-hourly time intervals, i.e. eight values per day, a shorter time period will contain 

sufficient information of the runoff dynamics to estimate parameters. 

 

Table 3.  Time periods used for calibration and validation of Sula in the DDD model. 

Temporal resolution Calibration period Validation period 

Daily  01.09.1998 – 31.12.2011 01.09.1991 – 31.08.1998 

3-hourly 24.09.1998 – 22.11.2003 01.09.1993 – 23.09.1998 

 

 

The input data of the DDD model with daily time resolution starts at the 1st of September 

and ends at the 31st of August, which is the standard for a hydrological year.  The 

Date Temperature (°C) Precipitation (mm) Wind (m/s) 

 Max Min Mean Daily accumulated P Max Mean 

15.05.2014 4,4 -6,4 0,9 0,4 6,2 3,1 

16.05.2014 7,6 3,0 4,7 3,5 8,0 2,5 

17.05.2014 8,7 2,4 4,9 1,0 8,1 3,3 

18.05.2014 15,1 -0,2 7,0 0,2 7,1 2,9 

19.05.2014 11,5 0,7 6,5 0,2 4,6 2,0 

20.05.2014 15,2 -0,9 7,6 0 4,7 1,8 
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calibration period is about two third and validation period about one third of the available 

time series.  For 3-hourly time intervals, the data available are simply divided into two 

equally long time periods. 

 

The DDD_LN and the DDD_G model are tested for both daily and 3-hourly time 

resolution, while the energy balance model is only tested for daily time resolution. 

 

3.3 Validation of modelled snow covered area 

As there are no observations of the spatial snow distribution at the catchment scale, 

observations of the evolution of the SCA during the snowmelt period in the Sula 

catchment is the only validation method, comprising observations, related to the quantity 

of snow used in this study.  The catchment values of SCA are obtained from the xGeo 

snow cover product developed by NVE. The snow cover product is based on MODIS 

(Moderate Resolution Imaging Spectroradiometer) satellite images, which have a 

resolution of 500x500 m (xGeo, 2015).  MODIS is an instrument aboard the NASA 

satellite Terra, which is viewing the entire Earth’s surface every 1 to 2 days (MODIS 

Web, 2015).  NVE uses MODIS images (MOD02HKM product) from NASA’s satellite 

archive (https://wiki.earthdata.nasa.gov) (Orthe et al., 2010), which are processed at the 

NVE and produce the daily snow cover maps of Norway at the xGeo website 

(www.xgeo.no).  The processing consists of implementing mask algorithms, which 

classify the pixels as clouds, ocean and lakes (Orthe et al., 2010).  For classification of 

areas covered with snow and the non-snow-covered areas, NVE uses the Normalized 

Difference Snow Index (NDSI).  This method employs that for snow the reflectance is 

high in the visible wavelengths and low in the infrared wavelengths.  The NDSI is a ratio 

and equal to the difference of reflectance observed in a visible band and the reflectance in 

a short-wave infrared band, to the sum of the two reflectances.  This gives high NDSI 

values for areas covered with snow.  Then, the Norwegian-Linear-Reflectance-to-Snow-

Cover (NLR) algorithm with the NSDI as input calculates the snow cover between 0 % 

and 100 % for each pixel.  For further details, see Orthe et al. (2010). 
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The xGeo snow cover maps with no cloud cover interference over the Sula catchment 

area were selected, and the catchment value of SCA for seven melt periods were used for 

validation of the SCA modelled with the DDD_LN, the DDD_G and the DDD_EB.  31 

observations are used for validation of the models with 3-hourly time resolution, and 39 

for daily time resolution (Table 4). 

 

Table 4.  Observed SCA values for the Sula catchment used for validation of the 

G_model. 

Year May 
(date) SCA June 

(date) SCA July 
(date) SCA 

2007   10 0.92   
  

 19 0.66 
  

  
 20 0.58 

  2008 13 1 2 0.92 26 0.01 

 
28 0.99 4 0.84 

  
   

5 0.81 
  

   
6 0.72 

  
   

25 0.25 
  2010 30 1 4 0.94 4 0.01 

 
31 0.98 5 0.87 

  
   

15 0.38 
  

   
23 0.13 

  
   

27 0.08 
  2011 1 1 13 0.14   

 
9 0.97 26 0.01 

  2012 27 1 7 0.98 26 0.03 

   
28 0.56   2013 19 1 11 0.22   

   
15 0.11 

  
   

18 0.11 
  2014 26 0.87 1 0.75 
  

 
29 0.81 13 0.25 

  
 

31 0.73 14 0.19 
  

   
15 0.16 

  
   

16 0.13 
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3.4 Comparing observed and modelled ground water fluctuations 

The groundwater fluctuation is a prognostic variable produced by the DDD model, and 

not optimized through calibration.  At the FRS, the water level in a well is registered 

daily and this data are compared to the modelled ground water fluctuations of the Sula 

catchment for the three versions of the DDD model. 
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4 Method 

4.1 Snow distribution models 

4.1.1 The LN_model 

The spatial distribution of snow modelled with the LN_model is a sum of uniformly and 

log-normally distributed snowfall events (Skaugen and Randen, 2013).  Accumulated 

SWE will be spatially uniformly distributed if the mean of SWE is less than or equal to 

20 mm, and additional snowfall is log-normally distributed with a calibrated coefficient 

of variation (CV).  Hence, the shape of the spatial probability density function (PDF) is 

fixed and does not vary with the intensity of a snowfall event. 

 

The PDF of a lognormal distribution is 

 

                  !!,! ! = ! !
!! !! exp − !"(!)!! !

!!       (2) 

 

where ! is the random variable, ! is the mean and ! is the standard deviation. 

 

The calibrated coefficient of variation is a constant relationship between the mean and 

variance of SWE 

!" = !
!      (3) 

 

Accumulated SWE is distributed in nine quantiles, !, according to the following 

equation: !"#!$[1: 9] != !(!"#$% !:! ∗!"), where !"#$% is a vector of the quantiles of the 

normal distribution (2.7, 1.88, 1.3, 0.85, 0.0, -0.85, -1.3, -1.88 and -2.7).  Finally, SWE 

will be distributed as = !"#!$! !×!!!, and added to the previous quantile value.  The values 

of the vector !! are 0.01, 0.4, 0.1, 0.2, 0.3, 0.2, 0.1, 0.4 and 0.01, and  !!!"
!!! = 1. 
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Melt is uniformly distributed in space and an area will be snow free when the SWE in a 

quantile becomes zero.  The sum of the quantiles with zero SWE is thus the reduction in 

SCA. 

 

4.1.2 The G_model 

The G_model (Skaugen and Randen, 2013) assumes that the spatial variability of snow is 

linked to that of precipitation and hence the parameters of the spatial PDF of SWE are 

derived from observed precipitation events.  In the G_model, the gamma distribution is 

used as the spatial frequency distribution for both snow accumulation and melting (see 

Fig. 8).  The PDF of a gamma distribution is 

 

                      !!!,!! ! = ! !
!(!!)

!!!!! !!!!!!! !!!!!!    (4) 

 

where ! is the random variable, Γ is the gamma function and !! and !! are the shape and 

scale parameters respectively. 

 

An accumulation or melt event is modelled as a sum of correlated units, !(!), distributed 

in space, !, with the two parameters shape, !!, and scale, !!, i.e.  !(!) = !(!!,!!).  
After an event, the spatial PDF of SWE is subsequently estimated from the spatial 

moments, mean and variance, of SWE and weighted by changes in SCA.  A description 

of the G_model follows.  For further details, see Skaugen and Randen (2013). 

 

4.1.2.1 Estimation of the parameters 

The parameters !! and !! of the gamma function are functions of the spatial mean, !, 

and standard deviation, !, of observed precipitation events and are therefore unique for 

each catchment.  The relationship between ! and ! are found by fitting a function of 

observed events: 

!! = !!"!      (5) 
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where ! and ℎ are constants determined by using nonlinear regression. 

 

v0 and α0 are then estimated by choosing ! = ! ! = 0.1!!! of SWE and !"# ! =
(!!! ! !)!: 

!! = ! !(!)
!

!"#(!)      (6) 

 

!! = ! !(!)
!"#(!)      (7) 

 

The expected value and variance of one unit SWE can thus be expressed: 

 

!(!) != ! !!!!      (8)!

 

!"#(!) != ! !!!!!      (9)!

 

Only the precipitation events where at least one gauging station received zero 

precipitation are included in the estimation of the parameters in order to capture the 

variability of precipitation in the catchment. 

 

4.1.2.2 Estimating the mean and standard deviation of accumulation and melting events, 

and updating the spatial PDF of SWE 

Accumulation on a snow free surface 

For accumulation on a snow free surface, the spatial mean of a snowfall event is a sum of 

the accumulated units: 

 

![!′(!)] != ! !(!!)!
!!! = !!! !!

!!
     (10)!

 

where !′(!) is the conditional mean and ! is the number of units at time !. 
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For the estimation of changes in SCA, described more thoroughly below, one have to 

distinguish between conditional and unconditional mean and variance, symbolized with 

z’ and z respectively.  z’ represents the snow reservoir, i.e. no zeros are included in this 

area, and z symbolize the snow reservoir in an area which also includes zero values. 

 

Estimation of the variance of correlated random variables, here units !, includes a term of 

the covariance between them.  The spatial variance of SWE for an accumulation event is 

estimated as 

!"#[!′(!)] != !!"#(!)
!(!)

!!!
!+ !2 !"#(!! ,!!)

!!!
 

 

= ! !!
!!!
! ! − 1 !! ! !!

!!!
= !! !!

!!!
1+ ! − 1 !!(!)    (11)!

 

where !(!) is the correlation coefficient, a decreasing function of the number of units and 

estimated as 

! ! = ! !"# !
! ! /(!!/!!!)!!!!
!(!!!)       (12)!

 

 

Updating the parameters, ν and α, of the gamma distribution of SWE 

After and accumulation or melting event, the parameters of the spatial PDF of SWE are 

updated with the following equations 

! = ! ![!! ! ]!!"#[!! ! ]      (13) 

 

! = ! ![!! ! ]
!"#[!! ! ]      (14) 

 

 

Accumulation on a previous snow reservoir 

A snowfall event on an existing snow reservoir might include changes in SCA.  

Consequently, the spatial moments of the previous snow reservoir (!"#!!!) and the area 
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that was previously snow free (1− !"#!!!) are estimated separately, and then weighted 

by the change in SCA.  After a snowfall event SCA is set to 1, i.e. !"#! = 1, while for 

the previous snow reservoir (!"#!!!) SCA ≤ 1. 

 

The mean of the new snow reservoir is estimated as 

 

! !’ ! = ! !’ ! !"#!!! + ! !’ ! !!!"#!!! = !!"#!!(! + !)
!!
!!

!+ !(1– !"#!)!! !!
!!

 (15)!
where ! is the number of accumulated units of the new snowfall event. 

 

The variance of the two areas, !"#!!! and 1− !"#!!!, are estimated as follows: 

 

!"#[!’(!)]!"#!!! != ! + ! !!
!!!
!+ ! + ! !!

!!!
! − 1 !c(n+ u)  (16)!

and 

!"#[!’(!)]!!!"#!!! != ! !!
!!!
![1+ ! − 1 c u ]    (17) 

 

Note that both Eq. 16 and 17 are versions of Eq. 11 (applied to estimate of the variance of 

SWE for snow free areas).  After the new snowfall event, the previously snow covered 

area (!"#!!!) will now consist of ! units of SWE accumulated in earlier event(s), and ! 

units of SWE from the new event.  Thus, the new variance of this area (Eq. 16) is 

calculated with Eq. 11, and by including the additional units of SWE.  The variance of 

the area that was previously snow free (1− !"#!!!) is estimated with Eq. 11, but ! is 

replaced by ! in Eq. 17. 

 

The variance of the new snow reservoir (!"#!) is given by the equation for estimating the 

variance of two independent variables: !"# !" + !" = !!!"# ! + !!!"# !   (Haan 

1982): 

 

!"#[!’(!)]!"#! = !!"#!!!! !!"#[!’(!)]!"#!!! + (1− !"#!!!)!!!"#[!’(!)](!!!"#!!!)    (18) 
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Melting 

While an accumulation event gives full snow coverage (!"#!!! = 1), a melting event will 

reduce the SCA (!"#! ≤ 1) according to the intensity of the melt event.  Note that while 

!"#!!! and !"#! are catchment values in case of an accumulation event, !"#! 
considering a melt event will be relative to the previous snow covered area !"#!!!.  The 

parameters !!!and !! are the same as for accumulation, but since ! ≤ !, the shape of the 

spatial PDF of a melt event is more skewed than for the PDF of the existing snow 

reservoir. 

 

The conditional mean of the new snow reservoir (!"#!) becomes 

 

! !! ! = ![!’(!)]
!"#!

!= ! − ! !!
!!

!
!"#!

      (19) 

 

where ! is the number of melted units. 

 

Estimation of the conditional variance after a melting event induces use of a covariance 

matrix consisting of the four parts !"#!!!!!, !"#!!!!!, !"#!!!!! and !"#!!!!!, and the 

variance of the new snow reservoir is the sum of these four parts 

 

!"#[!’(!)]!"#! = !!"#!!!!! + 2!!"#!!!!! + !"#!!!!!    (20)!
 

Where !"#!!!!! is the variance of the previous snow reservoir and equal to ! !!!.  !"#!!!!! is 

estimated with Eq. 11.  These two parts will always be positive, while the second term is 

negative due to the negative correlation between SWE and melt. 

 

!"#!!!!!! = !"#!"!! = 2!!!! !!
!!!
!!"#       (21) 

where 

     !!"# ! = !
! !

!
!!

!!
!!

!!!
!!!

+ 1+ ! − 1 !(!)          (22) 
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!!"# increases linearly between zero (no melt) and one for complete melt (! = !). 

 

The expression for the variance after a melt event becomes 

 

        !"# !! ! = ! !
!! − 2!!! !!

!!!
!!!"#(!)+ !! !!

!!!
+ ! ! − 1 !!

!!!
c(u) (23) 

 

The difference in conditional means before and after a melting event is 

 

! !! ! − 1 − ! !! ! = !!
!!

!! !!!
!"#!

= !!
!!

!
!"#!

   (24) 

 

 

Updating the SCA after a melting event 

The parameters of the spatial PDF of SWE for a snow reservoir in a in a catchment may 

be derived from several accumulation and melting events.  A reduction in the SCA will 

thus depend on the spatial PDF of the existing snow reservoir and the intensity of the 

melting event.  Figure 8 illustrates the spatial PDF of an accumulation event, !!, of 50 

mm SWE (500 units) and a melt event, !!, of 20 mm SWE (200 units), using the 

parameters estimated for the Sula catchment.  The fraction of the x-axis (the number of 

units SWE) where the frequency of !! is higher than !!, i.e. left of the vertical dashed 

line, will melt and this part of the snow reservoir is hence left snow free and is not 

included in the updated PDF.  The area on the right side of the dashed line where !! > !! 
will constitute the PDF of the new snow reservoir, !!"#!. 
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Figure 8.  Spatial PDF of an accumulation and a melt event. 

 

4.5 Energy balance approach for modelling snowmelt 

An energy balance approach (EB_model) for modeling snowmelt comprises all the 

physical processes affecting the energy exchange in the surface-atmosphere interface.   

 

Δ!"# = !!!!!!!!!!!!!"!!!!!!!
!!!!

        [m]   (25) 

 

where S is the netto solar radiation, !! is the long wave atmospheric (incoming) 

radiation, !! is the long wave terrestrial (outgoing) radiation, ! is the sensible heat flux, 
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!" is the latent heat flux, ! is the ground heat conduction, ! is the precipitation heat, !! 

is the cold content in the snowpack, !! is the latent heat of fusion and !! is the density of 

water. 

 

The input forcing data for the EB_model are temperature and precipitation.  Snowmelt 

will occur when there is a positive energy surplus and not necessarily at 0 °C, hence 

snowmelt is determined only indirectly by the temperature.  The EB_model involves 

meteorological and geographical factors, which makes the parameterization more 

complex than in the TI_model.  Here follows a description of all the subroutines of the 

EB_model.  For a more detailed description and the complete set of equations, see 

Skaugen and Saloranta (2015). 

 

4.5.1 Solar radiation 

In the EB_model, the solar radiation absorbed by a snow surface is a function of the 

transmissivity of the atmosphere, the angle of the incoming radiation (Fig. 9) and the 

albedo of the snow surface.  The EB_model does not account for aspect, i.e. the surface is 

set to be horizontal.  In the EB_model, the solar radiation is defined as 

 

! = !!! 1− A Υsin!(0.5! −!) [kJ/m2s]   (26) 

 

Where !! is the potential solar radiation at the top of the atmosphere, ! is the albedo, Υ is 

the net daily average sky transmissivity and ! is the solar zenith angle.  The solar zenith 

angle is a function of the latitude (!), the solar declination angle (!) (Fig. 10), and the 

number of hours from solar noon.  Figure 9 illustrates the solar zenith angle, which is the 

angle between the incoming beam and a normal from the observation point (red cross) 

(Fig. 9a).  The solar zenith angle is zero at sunrise and sunset, and 90˚ when the sun is 

precisely overhead (Fig. 9b).   
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Figure 9.  Illustration of the solar zenith angle (!). 

 

 

 
Figure 10.  Illustration of the solar declination angle (!).  (From Dingma,n 2002). 

 

Transmissivity is defined as the atmospheric attenuation of short wave radiation (Hock 

2005) and is proportional to the atmospheric path length determined by the solar zenith 

a)! b)!
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angle and the initial radiation flux.  The transmissivity is normally between 0.6 and 0.9 

when it is clear-sky (Oke 1987).  In the EB_model, the transmissivity is estimated as  

 

Υ = (0.6+ 0.2 sin 0.5! −! )(1.0− 0.5!") []   (27) 

 

where the cloud cover (!") is equal to 1.0 if precipitation and 0 if not. 

 

The albedo of a surface is defined as the ratio of reflected solar radiation (Dingman, 

2002).  In the EB_model, the albedo varies in time, but is spatially constant.  There are 

numerous methods for estimating the albedo.  The EB_model estimates the albedo with 

an empirical equation derived from the ‘Utah Energy Balance Snow Accumulation and 

Melt Model’ (Tarboton and Luce, 1996).  In this equation, the albedo is a function of 

snow surface age and the solar zenith angle. 

 

4.5.2 Long wave radiation 

A snowpack both receive and emits long wave radiation, which means that this energy 

flux might be negative.  The equations for estimating both the incoming (!!) and the 

outgoing (!!) long wave radiation are based on Stefan-Boltzmans law: 

 

!! = ! !!!(!! + 273.2)! [kJ/m2s]    (28) 

 

and 

 

!! = ! !!!(!!! + 273.2)! [kJ/m2s]   (29) 

 

where ! is Stefan-Boltzmans constant (5.67!×!10!!!) and !! is the air temperature of the 

surface in °C and !! is the atmospheric emissivity and a variable calculated as 

 

!! = (0.72+ 0.005!!) 1− 0.84!" + 0.84!"   (30) 
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The emissivity of the snow surface, !!, is a constant of 0.97, and !!! is the snow surface 

temperature. 

 

4.5.3 Turbulent fluxes 

The sensible and latent heat fluxes are driven by the gradient of temperature and vapour 

density between the snow surface and the air above and the turbulence (Dingman, 2002).  

These energy fluxes might be positive or negative, and are calculated with the well-

known bulk aerodynamic expressions, which give approximate values. 

 

The sensible heat flux is calculated as 

 

! = !!!!! !!

!"# !!,!!!
!!

! !!!×!(!! − !!!)  [kJ/m2s]   (31) 

 

where !!is the heat capacity of air, !! is the density of air (1000 kg/m3), ! is von 

Karman’s constant (0.41), !! is the height of the air temperature and wind speed 

measurements (at 2 m), ! is the zero-plane displacement height (at 0 m) and !! is the 

surface-roughness height and a constant (0.001 m). 

 

When !!! < 0°C, one assumes that the snow pack consists solely of solid water and 

sublimation occur in case of both energy surplus and deficit.  The energy required for 

both melt and vaporization are included in estimating latent heat flux 

 

!" = (!! + !!)!×!0.622! !!
!!

× !!

!"# !!,!!!
!!

! !!!×!(!! − !!) [kJ/m2s] (32) 

 

where !!! is the latent heat of vaporization (2470 kJ/kg), !!! is the latent heat of fusion 

(335 kJ/kg), !! is the air pressure and a constant (101.1 kPa), !! is the vapour pressure in 

the air and !!! is the vapour pressure at the snow surface.  The last two quantities are 

functions of the temperature of the air and snowpack respectively. 
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When the snow surface temperature is equal to zero, !!! = 0°C, the snowpack is 

isothermal and one assumes that the snow pack is ripe and contains the maximum water 

content.  In this case, the energy surplus is applied to melting and !!! is zero. 

 

4.5.4 Ground heat, precipitation heat and cold content 

The energy transferred from the ground below the snow pack is constant and equal to 

! = !"#
!"#$$  [kJ/m2s] in the EB_model.  The energy input from rain is calculated by 

 

                                    ! = !!!!!!!  [kJ/m2]    (33) 

 

!! is the density of water (1000 kg/m3), !! is the heat capacity of water (4.19 kJ/kg°C) 

and ! is rainfall [m].  One assumes that the rain has the same temperature as the air.  The 

precipitation heat will first cool to the freezing point, and then freeze causing release of 

latent heat (Dingman, 2002).  If the snowpack is isothermal, the precipitation heat will 

contribute to snowmelt. 

 

The cold content (CC) of a snowpack is defined as the energy needed to heat the 

snowpack to the melting point, and is estimated as  

 

!! = !!!!!"#!×!!  [kJ/m2]    (34) 

 

where !! is the heat capacity of snow (2.102 kJ/kg°C) and ! is the average snow pack 

temperature. 

 

Snow pack temperature 

The average snow pack temperature, !, is a weighted temperature of the snow surface at 

the four previous and the current time steps: 
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!! = !!!!,!!
!!!      (35) 

where !!,! is the air temperature of time step !, and λ! are the weights decreases linearly 

with time, i.e. the previous time step is associated with the largest weight. 

 

λ! = !!!!!
! !!!!!!!!!!!! λ! = 1           (36)                                 

 

The last component to account for in the EB_model is the case when both the air and the 

snowpack temperature are below zero, but the air temperature is much higher than the 

snowpack temperature resulting in an energy surplus transferred from the air to the 

snowpack of 

       S = − !!!!!!!
!!      (37) 

where Δℎ! is the height of melted water.  The other symbols are previously defined. 

 

This energy change is converted to a snowpack temperature change, instead of melting 

according to the following equation 

Δ! = − !!!×!!
!!!!!"# =

!!!!!
!!!"#     (38) 

All the symbols are previously defined. 

 

4.6 The DDD model 

The rainfall-runoff model DDD (Skaugen and Onof, 2014) is used for model testing and 

evaluation of the G_model and the EB_model.  The DDD model might be classified as a 

conceptual, semi-distributed model, aiming to be more physically based by including 

parameters derived from measurements and map data and hence reduces the number of 

calibrated parameters.  The first version of the DDD model (DDD_LN) is similar to the 

HBV model except for routines for the subsurface and the runoff dynamics (Skaugen and 

Onof, 2014).  Consequently, the DDD_LN comprises seven less calibrated parameters 
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than the HBV model.  A complete parameter set with values of the Sula catchment is 

presented in Appendix B.  The inputs in the DDD model are sum of precipitation (mm) 

and mean temperature (°C) for the given time resolution, and the output is discharge 

(m3/s).  Precipitation and temperature are the only input data available for the catchments 

in the flood forecasting system at the NVE.  All the algorithms in the DDD model are 

coded in R statistical software (www.r-project.org).  A summarization of the structure of 

the DDD model follows.  For a full description see Skaugen and Onof (2014). 

 

4.6.1 General structure of DDD 

The DDD model might be structured in four main subroutines: the snow routine, the soil 

moisture and subsurface routine, the hillslope routing and the river routing.  The 

catchment is divided into 10 elevation zones with equal area in order to calculate 

elevation corrected precipitation input and snowmelt according to the calibrated lapse 

rates of precipitation and temperature.  Furthermore, the catchment area is divided into 

four possible types of landscapes or vegetation zones – soil, bogs, glacier and river – for 

which their distance distributions are determined from GIS.  Here follows a detailed 

description of the sol moisture and subsurface routine and the snow routine. 

 

4.6.2 The soil moisture and subsurface routine 

The total capacity of the dynamic subsurface storage, !, is divided into a saturated zone, 

!, and an unsaturated zone, !, also called the soil moisture zone. 

 

! = ! + !  [mm]    (39) 

 

Water input, !(!), during time ! from snowmelt or rain will increase the actual water 

content, !(!), in !.  If the volumetric water content, !(!)+ !(!) exceeds a threshold, !, 

of 30% of !, this excess water, !(!), increases ! and becomes runoff.  If ! ! +
! ! !/!!(!) !< !!, the water input will increase the water content !(!), in !. 
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The input to the subsurface during time ! is 

 

! ! = ! ! + !" ! − !!(!)     (40) 

 

where !(!)!is the input to the unsaturated zone!!, !(!) is precipitation, !"(!) is 

snowmelt and !! is the actual evapotranspiration during time !. 
 

 
Figure 11.  Illustration of the structure of the subsurface in the DDD model.  M is the 

fixed capacity of the subsurface reservoir.  Water input from rain or snowmelt at time t, 

INSOIL(t), will be lost to EA (actual evapotranspiration), if the temperature is above 0 

°C, and increase the actual water content Z in D.  If the water content in D reaches the 

water holding capacity, the water input becomes excess water X(t) and increases the 

volume water in the saturated zone S.  (From Skaugen and Onof, 2014). 

 

4.6.3 Snow routine 

Precipitation is defined as snow when the air temperature is above the threshold 

temperature for rain or snow (!"), and rain otherwise.  Snowmelt is calculated with a 



!
39!

degree-day method or temperature-index model (the TI_model).  The TI_model 

calculates snowmelt, !", as a linear function of the difference between a calibrated 

threshold temperature for snowmelt and air temperature 

 

!" = !!!×!(!! − !") [mm]    (41) 

 

where !" is the degree-day factor, !! is the air temperature and !" is the threshold 

temperature where melting starts. 

 

Dingman (2002) states that the degree-day factor varies with latitude, elevation, slope 

inclination, aspect, albedo, time of year and catchment characteristics like aspect and 

forest cover.  The degree-day factor might be estimated empirically, accounting for these 

local conditions and spatially varying parameters and also seasonal changes (Dingman 

2002).  In DDD_LN and DDD_G, !" is calibrated and constant through the snow 

season. 

 

4.6.4 Testing the G_model and EB_model in the model DDD 

The implementation of the gamma snow distribution model (G_model) gives the DDD_G 

model.  The G_model is free of calibration parameters, which reduces the number of 

calibrated parameters from 12 in DDD_LN to 11 in DDD_G by eliminating the 

coefficient of variation, !", in the LN_model (see the parameter set of the Sula 

catchment in Appendix B (a)). 

 

The replacement of the TI_model (Section 4.6.3) with the EB_model gives a third 

version of the DDD model applied in this thesis, the DDD_EB model.  In this version the 

number of calibrated parameters in the DDD model, is further reduced by two.  The 

parameters !" and !" in the TI_model are removed, and no additional calibration 

parameters are introduced with the EB_model.  Some additional parameters have to be 

defined and those are presented in Appendix B (b). 
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5 Results 

5.1 Parameter estimation of the G_model and the LN_model 

5.1.1 G_model 

1148 daily precipitation events from 12 years (1990-2011) are included in the estimation 

of v0 and α0 in the G_model for the Sula catchment (Fig. 12).  Figure 12 shows that there 

is a nonlinear relationship between the precipitation events.  If the observed precipitation 

events in Figure 12 were perfectly correlated, the line would be straight and the 

correlation constant, which is the case in the LN_model.  In the G_model, however, ℎ < 1 

(Table 5) and the correlation between events, and hence the units of SWE, is a decreasing 

function of !. 

 

Table 5.  The constants and parameters from the parameterization of the G_model 

(described in Section 4.1.2) for Sula. 

! 0.82 

ℎ 0.67 

! 0.175 

! 0.1 

!! 0.325 

!! 3.25 
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Figure 12. Observed precipitation events and the regression line for the Sula catchment.  

The mean of the events (in mm) are represented on the x-axis, and the standard deviation 

on the y-axis. 

 

5.1.2 LN_model 

The parameter !" in the LN_model was calibrated for 2011 by optimizing the spatial 

standard deviation of SWE, i.e. minimize the RMSE for the standard deviation of SWE, 

and used for validation of the LN_model in 2014. 

 

!" = 0.175 
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5.2 Evaluation of the LN_model and the G_model against the snow 

course measurements 

5.2.1 Model performance of the LN_model and the G_model 

The modelled conditional mean, standard deviation and CV of SWE and the SCA are 

compared with the corresponding observed values.  The SCA is equal to the fraction of 

the stakes with SWE to the total number of stakes.  The mean and standard deviation are 

conditional values.  The initial SWE at the stakes is the observed values from the first 

measurement.  The melted units, !, are the input to the G_model and the LN_model, and 

are found with Eq. 19. 

 

The results of the validation of the G_model and the LN_model using snow course 

measurements are presented in Table 6 and shows that the G_model is superior compared 

to the LN_model.  For the 2014 snow season, the G_model has better scores than the 

LN_model for all the statistical measures.  Both models gave low NSE values for the 

standard deviation of SWE, and the corresponding RMSE values is high.  The poor 

representation of the spatial variability of SWE (Std) can be seen in Figure 13. 
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Figure 13. The plots show observed and modelled (by G_model and LN_model) a) 

conditional mean, b) standard deviation, c) SCA and d) CV for the snow course at 

Filefjell.  The observations are from the fieldwork in May 2014. 
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Table 6.  Model performance of the DDD_LN model and the DDD_G model against the 

snow course observations at Filefjell 2011, 2012 and 2014.  The bold values represent 

the highest score of a statistical measure. 

 2011 LN 2011 G 2012 LN 2012 G 2014 LN 2014 G 
 NSE 

Mean 0,67 0,79 1,0 1,0 0,87 0,97 

Std 0,66 0,25 -55,2 -6 -6,6 -3,1 

SCA 0,23 0,31 0,9 0,99 0,68 0,86 

CV -3,75 0,95 -2,12 0,7 0,13 0,49 

 RMSE 

Mean (mm) 32,9 25,9 3,7 4,2 16,8 8 

Std (mm) 5,8 8,6 33,4 11,7 17,3 12,8 

SCA 0,12 0,11 0,06 0,02 0,12 0,08 

CV 0,18 0,02 0,13 0,04 0,18 0,14 

 

 

5.2.2 Comparison of observed and modelled spatial frequency distribution of melt 

with the G_model 

An important task in this study was to examine the spatial distribution of melt.  Figures 

14, 15 and 16 show the cumulative distribution functions (CDF) of the nine melt events 

observed at the FRS.  Observed melt, i.e. differences in SWE between two 

measurements, are fitted to an empirical cumulative distribution function (ecdf) in R.  

The stakes where the SWE became zero during the event are included.  The theoretical 

CDF’s are computed with the G_model (the method described in Section 4.1.2) 

parameterized with ν0 and α0 estimated for Sula.  The input to the G_model and the 

LN_model is the same as in Section 5.2.1, i.e. the unconditional units of melt (!).   
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Figure 14. Empirical and modelled (by G_model) spatial CDF of the melt events no. 1 

(a), 2 (b) and 3 (c) of the snow course at Filefjell (May 2014). 
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Figure 15. Empirical and modelled (by G_model) spatial CDF of the melt events no. 4 

(a), 5 (b) and 6 (c) of the snow course at Filefjell (May 2014). 
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Figure 16. Empirical and modelled (by G_model) spatial CDF of the melt events no. 7 

(a), 8 (b) and 9 (c) of the snow course at Filefjell (May 2014). 

 

Figure 14, 15 and 16 show that the shape of the CDF’s varies with the intensity of the 

melt event.  The distributions are less skewed the higher the intensity of the melt event.  

In general, the shape of the CDF’s of the observations and CDF’s modelled with the 

G_model coincide, but the observations do not always form a smooth line.  In Figure 14c 

and 15a, the largest and the fourth largest event, the observed CDF of melt is more 

normally distributed than the modelled. 

 

 



!
48!

5.3 Performance of the DDD_G model against the DDD_LN model 

5.3.1 Data processing, calibration and validation 

The calibration period was first manually calibrated and then run with the automatically 

calibration programme MCMC (Soetaert and Petzholdt, 2010) with 2000 iterations.  The 

MCMC method seeks to optimize the difference between the modelled and observed 

runoff values, using the Nash Sutcliffe model efficiency coefficient (NSE) as the 

goodness-of-fit measure, which is the same as the coefficient of determination (R2). 

 

!"# = 1− ! (!!,!!!!!,!)!!!!
!

(!!,!!!!!)!!!!
! !!     (43) 

 

where ! is the total number of time-steps, !!,! is the simulated runoff at time-step !, !!,!  
is the observed runoff at time-step ! and !! is the mean of the observed runoff values 

(Gupta et al., 2009). 

 

The validation was conducted by calculating the NSE of the validation period using ten 

parameter sets associated with the quantiles of 100, 97, 95, 92, 90, 87, 85, 82, 80 and 78  

% of the distribution of NSE from the MCMC calibration.  The standard deviation of 

these ten NSE values is an indication of the spread in the NSE and hence the uncertainty 

of the model. 

 

For the analyses of runoff, runoff in spring, SWE and SCA the best parameter set from 

the MCMC calibration, for each model, is used. 

 

5.3.2 Runoff 

The simulated and observed hydrographs of the calibration and validation period are 

presented in Figures 17 and 18 (daily values), and 19 and 20 (3-hourly values).  The 

hydrographs simulated with the DDD_LN and DDD_G model look quite similar for both 

the calibration and validation period for the given time resolutions, which is confirmed by 
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the NSE values in Table 7.  In Figures 17-20, it seems that the observed runoff peaks are, 

in general, higher than the modelled for both models.  For clarifying this assumption, 

scatter plots of observed and simulated runoff values for the calibration and validation 

period are presented in Figure 21.  The closer the circles fall on the line, the more similar 

are the simulated and observed runoff values.  The larger deviations between observed 

and simulated runoff for large runoff values (i.e. more than 10 m3/s) is clearly seen in 

Figure 21 (a to d).  For daily runoff values (Fig. 21 a) and b)) the two models seem to 

perform equally well, but for 3-hourly values (Fig. 21 c) and d)) DDD_LN underestimate 

runoff more often than DDD_G. 

 

The most noteworthy in the comparison of the two models (Table 7) is the larger spread 

in the performance of simulations of the validation period for the DDD_LN than the 

DDD_G model.  The implementation of the G_model halved the value of the standard 

deviation of the validation period for both the time resolutions in question, which implies 

lower predictive uncertainty in the runoff simulations with the DDD_G model. 

 

Table 7.  Calibration (cal) and validation (val) results of DDD_LN and DDD_G.  The 

bold values represent the highest score. 

 24 hourly time interval 3 hourly time interval 

 NSE cal NSE val Std val NSE cal NSE val Std val 

DDD_LN 0.88 0.87 0.013 0.89 0.81 0.019 

DDD_G 0.88 0.87 0.007 0.87 0.82 0.010 
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Figure 17.  Modelled and observed runoff in the calibration period (daily time 

resolution). 
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Figure 18.  Modelled and observed runoff in the validation period (daily time resolution). 
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Figure 19.  Modelled and observed runoff in the calibration period (3-hourly time 

resolution). 

!
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!
Figure 20.  Modelled and observed runoff in the validation period (3-hourly time 

resolution). 

!
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!
Figure 21.  Scatter plots of observed (x-axis) and simulated (y-axis) runoff values for the 

calibration and the validation periods.  a) and b) are daily values, c) and d) are 3-hourly 

values.  Red circles represent DDD_LN, and blue circles represent DDD_G. 

 

5.3.3 Runoff in spring 

The runoff peaks in Sula occur in May or June in all the years being studied, hence the 

model performance of the DDD_LN and the DDD_G models for both time resolutions 

are evaluated separately for these two months in order to test their potential of predicting 

the timing and size of snow melt floods (Fig. 22 and 23, Table 8 and 9).  In addition, the 

NSE values for May, June and July of the calibration and validation periods are 
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calculated in an attempt to get an impression of the model fit in the months where 

snowmelt contributes to runoff (Table 10).  The mean daily temperature normal rise 

above zero the 25th of April (eklima, 2015), thus one suggests melt water starts affecting 

the runoff some time in the beginning of May.  According to observed SCA (Table 4), 

Sula is close to snow free in late June or during July and the snowmelt will mainly affect 

the flow dynamics in the selected months. 

 

In the study of the runoff peaks (Fig. 22 and 23), the DDD_LN seem to underestimate the 

highest observed runoff in seven of the nine cases studied.  In the remaining two cases 

(Fig. 22e and 23a), the simulated runoff and timing of the peaks seem to concur with the 

observed.  The DDD_G model performs somewhat better and seems to has good model 

fit in six of the nine years (Fig. 22a to e, and 23a), though the timing only partly concur 

with the observed peaks in 22b and c.  The DDD_G model underestimates the peak in 

Figures 22f and 23b and c.  Worth noticing is that none of the models overestimate the 

highest peak in any of the cases, only some of the lower peaks in Figures 23a and b. 

 

The NSE of the case studies in Figures 22 and 23 are presented in Table 8 (daily values) 

and 9 (3-hourly values).  The model performance of DDD_LN and DDD_G is quite 

similar for daily time resolution, but varies more for 3-hourly time resolution for the 

LN_model.  For the DDD_LN model the NSE values are between 0.77 and 0.81, and 

0.37 and 0.81 for daily and three hourly time resolutions respectively.  The corresponding 

NSE values for the DDD_G model are between 0.71 and 0.87, and 0.80 and 0.84.  By far 

the lowest NSE values are 0.37 and 0.55 for the LN_model in 2009 and 2014 at 3-hourly 

resolution. 

 

Table 8.  NSE values for modelled runoff in May and June (daily time resolution).  The 

bold values represent the best performance. 

Measure NSE Mean Std 

Year 2012 2013 2014   

DDD_LN 0.81 0.77 0.80 0.79 0.022 

DDD_G 0.87 0.71 0.82 0.80 0.079 
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Table 9.  NSE values for modelled runoff in May and June (3-hourly time resolution).  

The bolded values represent the best performance. 

Measure NSE Mean Std 

Year 2006 2007 2008 2009 2010 2014   

DDD_LN 0.70 0.77 0.77 0.37 0.80 0.55 0.66 0.168 

DDD_G 0.79 0.84 0.73 0.76 0.76 0.71 0.76 0.046 

 

 

Table 10 shows that the NSE values of the simulations of the runoff in spring are quite 

similar.  The largest difference is the NSE in the validation period for 3-hourly time, in 

favor of the DDD_G model.  The spread in the NSE values are larger for the DDD_LN 

model than DDD_G.  The results from this section indicate, similar to Section 5.3.2, that 

the predictive uncertainty of runoff simulations with the DDD model is reduced after the 

implementation of the G_model. 

 

Table 10.  Average NSE values for modelled runoff in the period when snowmelt 

contributes to runoff (May, June and July) for the calibration (cal) and validation (val) 

periods.  The bold values represent the highest NSE value for the given period. 

 Daily time resolution 3-hourly time resolution 

 NSE cal NSE val NSE cal NSE val 

DDD_LN 0.81 0.79 0.77 0.71 

DDD_G 0.79 0.79 0.79 0.75 
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Figure 22.  Observed and modelled spring runoff in 2006-2010 and 2014 (3-hourly time 

resolution). 
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Figure 23.  Observed and modelled spring runoff in 2012-2014 (daily time resolution). 

 

5.3.4 SWE 

The seasonal variations of the catchment averaged SWE in Sula simulated with DDD_LN 

and DDD_G are presented in Figures 24 and 25.  A notably difference between the two 

models is the DDD_LN’s tendency to store snow over the summer, while the DDD_G 

model, with few exceptions, all snow melts in the years being studied.  Considering the 

simulated maximum of SWE, the difference is larger for 3-hourly time resolution where 
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the DDD_LN model simulates more snow than the DDD_G model for all years 

considered (Fig. 24).  One should keep in mind that the amount of accumulated SWE 

depends on the calibrated threshold temperature for rain or snow (TX) and the correction 

factor for snow (skorr) (see Appendix B a), which varies in the different parameter sets 

(see Appendix C). 

 

 
 

Figure 24.  Modelled SWE in the validation and the calibration period (daily values). 
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Figure 25.  Modelled SWE in the validation period (left) and the calibration period 

(right) (3-hourly values). 

 

5.3.5 SCA 

The simulated SCA for Sula is validated with observed SCA from MODIS.  Table 4 

presents the observed evolution of the SCA during seven melting seasons.  The observed 

values of SCA in Sula imply that the reduction of SCA starts in May and that Sula is 

close to snow free during summer (the lowest SCA is 0.1 in 2008, 2010 and 2011, and 

0.03 in 2012). 

 

Figures 26 and 27 show the seasonal variations in SCA simulated with DDD_LN and 

DDD_G.  For daily time resolution all seven melting seasons are included, and for 3-

hourly time resolution four of the seven.  These figures show that the DDD_LN model 

systematically overestimates the SCA during the melt season.  The DDD_LN seem to 

simulate the initial reduction of the SCA well; from 1.0 to 0.9 for daily time resolution, 

and from 1.0 to 0.4 for 3-hourly time resolution.  For lower values of SCA, the reduction 

in SCA ceases in DDD_LN, while in DDD_G it continues. 
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Figure 26.  Modelled and observed SCA for daily time resolution. 

 

 
Figure 27.  Modelled and observed SCA for 3-hourly time resolution. 
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The model performance of the DDD_LN and the DDD_G models in simulating the SCA 

is given in Table 11.  The NSE values for the two models differ considerably for daily 

time resolution.  The NSE of 0.88 for the DDD_G model indicate good agreement 

between the observed and modelled SCA, while the NSE value of -0.5 for the DDD_LN 

model confirms the mismatch seen in Figure 26.  The DDD_LN model achieved higher 

NSE of the simulated SCA for 3-hourly time resolution than for daily values, and the 

better match is seen in Figure 27 where the overestimation of SCA is less than for daily 

time resolution (Fig. 26). 

 

Table 11.  NSE values for SCA modelled with the DDD_LN and the DDD_G model.  The 

bold values represent the best performance. 

Time resolution DDD_G DDD_LN 

Daily 0.88 -0.50 

3-hourly 0.76 0.65 

 

 

5.3.4 Uncertainty assessment and analysis of the calibrated parameter values 

In an attempt to diagnose problems of model structure, equifinality and parameter 

identification, the 11 calibrated parameters of the parameter sets selected (Section 5.3.1) 

are examined (Appendix C).  The values of these 11 parameters differ in the ten 

parameter sets, but give almost identical model performance (NSE) for the calibration 

period (see Table 7), also called the equifinality problem (Beven, 2011).  Therefore, for 

each of those 11 calibrated parameters, the standard deviation of these ten parameter 

values, are calculated for DDD_LN and DDD_G. 

 

For daily time resolution, the DDD_G model has lower standard deviation for eight of the 

11 calibrated parameters and for 3-hourly for six of the 11.  This means that, in average, 

the ranges of the calibrated parameters are wider with the DDD_LN model than the 

DDD_G model. 
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5.4 Evaluation of the DDD_EB 

5.4.1 Data processing, calibration and validation 

The DDD_EB model is tested for daily time resolution, using the best parameter set from 

the calibration of the DDD_G model, i.e. no additional calibration is performed.  

Accordingly, all time periods included in the study of the DDD_EB model will be 

considered as validation periods.  Further follows a brief evaluation of the EB_model 

implemented in the DDD model (DDD_EB) by comparing the DDD_EB model against 

observed values and the DDD_G model. 

 

5.4.2 Runoff 

In Table 12 we see that the performance of the runoff simulations is lower for the 

DDD_EB model than the DDD_G model in both the calibration and validation period.  

The hydrographs in Figures 28 and 29 show that the simulated peaks are, in general, 

lower than the observed.  The same tendency was found for DDD_LN and DDD_G 

(Section 5.3.2).  The scatter plots in Figure 30 show that the runoff values simulated with 

DDD_EB (green circles) deviate more from the line, i.e. from observed values, than 

DDD_G (blue circles). 

 

Table 12.  Calibration (cal) and validation (val) results of DDD_G and DDD_EB model.  

The bold values represent the best performance. 

Distribution NSE cal NSE val NSE val and cal Std val 

DDD_G 0.88 0.87 0.87 0.007 

DDD_EB 0.78 0.82 0.79 0.007 
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Figure 28.  Modelled and observed runoff in the calibration period (daily time 

resolution). 
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Figure 29.  Modelled and observed runoff in the validation period (daily time resolution). 

 



!
66!

 
Figure 30. Scatter plots of observed (x-axis) and simulated (y-axis) runoff values for the 

calibration and the validation periods (daily values).  Blue circles represent DDD_G (a), 

and green circles represent DDD_EB (b). 

 

5.4.3 SWE 

SWE simulated with the DDD_G and DDD_EB for the calibration and the validation 

period are plotted in Figure 31.  Recall that the only difference in the two models is the 

snowmelt routine, which is the source of the slight deviations in modelled SWE.  The 

maximum SWE simulated with DDD_EB is, in general, slightly lower than for DDD_G.  

In 1993 and 1994, DDD_G store more snow than DDD_EB over summer, the other years 

studied both model melts more or less all the snow. 

 



!
67!

 
Figure 31.  Modelled SWE in the validation and the calibration period. 

 

5.4.4 SCA 

Figure 32 shows that SCA modelled with DDD_EB fits very well to the observed values 

of SCA, giving an NSE value of 0.88, which is the same as for the DDD_G model (Table 

11).  Figure 32 displays no apparent differences in the SCA modelled with DDD_G and 

DDD_EB. 
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Figure 32.  Modelled and observed SCA (daily time resolution). 

 

5.5 Validation of the DDD_LN, DDD_G and DDD_EB model by 

comparing modelled and observed ground water fluctuations 

The DDD model estimates the proportion of saturated volume, !, to the capacity of the 

subsurface reservoir, ! = ! + ! (Section 4.6.2).  The ground water level below surface, 

!(!), is the variable extracted from the DDD model and used in this validation.  Table 13 

shows the correlation between the observed ground water fluctuations at FRS and the 

simulated fluctuations in Sula catchment produced by the three versions of the DDD 
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model.  One cannot assume that the ground water fluctuations at FRS represent the 

fluctuations in the Sula catchment, but these results indicate that the observed and 

modelled dynamics of the ground water level coincide.  The groundwater fluctuations 

simulated with the DDD_G model correlates best with observed, but only slightly better 

than the other two models, DDD_EB and DDD_LN. 

 

Table 13. Correlation between observed and modelled groundwater fluctuations. 

 DDD_LN DDD_G DDD_EB 

Correlation 0.58 0.62 0.61 
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6 Discussion 

 

Part one of this study has examined the parameterization and choice of spatial frequency 

distribution of snow accumulation and melting.  The objective was to investigate if the 

G_model gives a more realistic represents the spatial distribution of accumulation and 

melt of SWE and if it improves the model performance of, and reduces the uncertainty, in 

the runoff simulations in the DDD model.  The spatial PDF of SWE is simulated in the 

G_model, but is neither observed at catchment scale nor simulated in the LN_model, 

hence the two distribution models cannot be directly compared for Sula in the DDD 

model.  Therefore, an important part of the validation of the G_model was to investigate 

if the distribution of observed accumulation and melt events at the snow course at FRS.  

Although these are observations on a smaller scale (considered as medium scale (100 to 

2000 m) (Pomeroy et al., 2004)), than catchment scale, and the variability of precipitation 

used in the parameterization of the G_model might not be precisely representative, the 

CDF’s of the observed melt events (Figs. 14-16) will suggest if the intensity of melt 

differs spatially as in the G_model (Section 4.1.2) or if melt is uniformly distributed in 

space as stated in the LN_model (Section 4.1.1).  According to the results of the snow 

course measurements (Table 6), the G_model represents the spatial distribution of melt 

better than the LN_model.  The CDF’s of the nine observed melt events (Figs. 14-16) 

indicate that the shape of the spatial distribution of melt varies with the intensity of a melt 

event. 

 

Both the density and the depth measurements from the snow course include uncertainty.  

At most of the stakes there was ice at the ground, which made the depth measurements a 

challenging task, and the ice is not captured with the FS.  There are larger uncertainty 

associated with the last density measurements due to slush and water leaking out of the 

FS.  The uncertainty of the depth measurements increased during the period of 

measurements as the melted circle around the stakes increased in depth and diameter.  

The snow surface around this circle was assumed to represent the level at the stake.  



!
71!

When some parts of the circle were snow free, a subjectively evaluation was necessary.  

Observations suggest that vegetation accelerated the melt rate. 

 

The implementation of the G_model in the DDD model did not result in a notably 

improvement in the runoff simulations in the validation and the calibration periods (Table 

7).  For daily time resolution the NSE values were the same for the two periods, while for 

3-hourly time resolution the DDD_LN performs slightly better in the calibration period 

and slightly lower in the validation period compared to the DDD_G model.  In the 

calibration period model improvement was not expected due to the fact that calibrated 

parameters are associated with larger model flexibility (Kirchner, 2006), and hence a 

better ability to fit the runoff data.  For the validation period, which is not used for 

calibration, one might expect better model performance.  In a simple split sample test, 

however, the calibration and validation period represent more or less the same runoff 

conditions so in order to test the models performance in simulating floods and to assess if 

the G_model and EB_model gives a more realistic representation of the process being 

tested, more comprehensive test methods are required.  The analysis of the months were 

snowmelt contributes to runoff (Table 8-10, Fig. 22 and 23) emphasize that flood 

prediction is a challenge task.  All three versions of the DDD model used in this study 

systematically underestimate the floods, which in Sula are, to a large degree, determined 

by the snowmelt rate.  Noteworthy is that for 3-hourly time resolution, DDD_LN 

systematically underestimate the snowmelt floods even though the simulated maximum 

of SWE is higher in DDD_LN than DDD_G (Fig. 25).  The correction factor for snow 

(skorr) and the threshold temperature of snow or rain (TX) and melting (TS) will affect 

the amount and distribution of accumulation and melt.  These parameters differ between 

DDD_LN and DDD_G and also for the time resolutions.  For 3-hourly time resolution, 

TX is 0.3 ºC in DDD_LN and 1.1 ºC in DDD_G, and TS is 0 ºC in DDD_LN and 1.0 ºC 

in DDD_G.  Skorr is 0.55 in DDD_LN and 0.45 in DDD_G, a difference of 20 %.  The 

different parameter values induce different values of SWE and resulted in the higher 

SWE values in DDD_LN than DDD_G the whole time period studied.  The snow 

reservoir in DDD_LN persists until the mean daily temperature decreases below zero in 

late summer or early autumn, and hence each year this snow reservoir increases.  The 
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differences between skorr, TX and TS in the two models are less for daily time 

resolution, resulting in less difference in the seasonal variation and maximum of SWE.  

This is reflected in Figure 24.  These results highlights the influence of calibrated 

parameters on modelling hydrological processes, and that the processes of accumulation, 

melting and distribution of SWE are probably not well represented.  Parameter 

uncertainty is more thoroughly discussed later. 

 

Due to the fact that the shape the PDF of SWE prior to a melt event determines the 

temporal evolution of SCA, the comparison between observed and modelled SCA in Sula 

is considered as the most instructive validation method of the G_model.  The results in 

Section 5.3.5 (Fig. 26 and 27, Table 12) show a good agreement between observed and 

modelled SCA, which imply that the spatial distribution of precipitation gives a realistic 

representation of spatial variability of SWE.  The observations presented in Table 4, 

suggests that the snow cover in Sula normally disappears during July except for perhaps 

some patches of snow and the 0.4 % of Sula catchment covered with glacier.  The 

overestimation of snow cover during summer in DDD_LN, coincides with the results in 

Section 4.3.4 (Fig. 24 and 25) that snow is stored throughout summer.  This might cause 

melt water to sustain stream flow in periods when Sula catchment is probably snow free, 

or at least close to snow free, and give a better fit of the hydrograph for the rest of the 

year and a higher NSE value for the calibration period.  In model calibration (Section 

5.3.1), the calibrated parameters are tuned in order to get as small as possible deviations 

between the simulated and observed runoff values.  Because each calibrated parameter 

can take any value in their defined range, they have the ability to compensate for each 

other (Beven, 2011) and adjust to fit the runoff dynamics, i.e. hydrograph, rather than 

take the value which best represents the catchment characteristic or processes associated 

with them. 

 

Model validation and analysis of predictive and parameter uncertainty in this study 

identified structural errors in the DDD model.  In the validation of the DDD model, 

DDD_G attained less spread of the NSE values than DDD_LN for both time resolutions.  

This is consistent with the results from the spring flow validation, using the selected 
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optimal parameter sets of DDD_LN and DDD_G.  The NSE value in two of the years 

studied were 0.37 and 0.55 for DDD_LN, while the lowest NSE value was 0.71 for 

DDD_G.  This indicates that the DDD_G is less flexible after the elimination of a 

calibration parameter, i.e. that the parameter sets converges towards one parameter set.  

Furthermore, this might imply that the additional calibrated parameter CV compensate 

for data error and structural weakness in DDD_LN (Hrachowitz et al. 2013).  These 

assumptions are of special interest for, besides flood prediction in general, prediction of 

runoff in changing conditions.  The reduced uncertainty in DDD_G and higher 

confidence in the model structure and parameters of the G_model will probably induce a 

more robust model for flood prediction in a changing climate. 

 

The small difference in model performance of runoff simulations with the DDD_LN and 

the DDD_G model from the split-sample test, underscores that in future work, aiming to 

improve hydrological modelling, the hydrological processes, like snow distribution, 

accumulation and melt, need to be modelled and analysed explicitly and validated against 

additional, preferable observed, variables.  The apparent differences in modelled SWE 

and SCA, both for the snow course and Sula catchment, show that in a snow distribution 

model, the shape of the spatial distribution function clearly affects the changes in SWE 

and SCA during the snow season and hence the runoff.  Several studies show that the 

spatial distribution of snow is site specific and changes during the snow season (Bruland 

et al., 2004; Pomeroy et al., 2004; Grünewald et al., 2010; Skaugen and Randen, 2013; 

Helbig et al., 2015).  The good model performance of the DDD_G in modeling the 

evolution of SCA in Sula (Section 5.3.5 and 5.4.4) and the validation with the snow 

course measurements (5.2.1 and 5.2.2), implies that the G_model, i.e. a gamma 

distribution with dynamic and site-specific parameterization, comprises the flexibility of 

the shape of the spatial PDF, which is crucial to reproduce the spatiotemporal variations 

in the PDF of SWE. 

 

The EB_model was evaluated after implementation in DDD_G.  The best parameter set 

from DDD_G (daily time resolution) is used in the evaluation of model performance of 

DDD_EB as manually calibration indicated little improvement.  The lower performance 
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of DDD_EB compared to DDD_G, and also to DDD_LN, might be due to the 

simplification of the processes in the energy balance of the snowpack.  Uncertainties 

related to some of the parameterization in the EB_model representing these processes are 

known (Tvedalen, 2015).  Because the time discretization in DDD_EB is daily and the 

input data is limited to temperature and precipitation, the wind speed, for example, is a 

constant and the cloud cover being zero if precipitation or one if no precipitation.  

Measurements at FRS show that the daily averaged wind speed varies between 0 m/s and 

13.5 m/s, but is constant at 1.75 m/s in the EB_model.  The cloud cover might vary 

during day, which was observed during the fieldwork at Filefjell.  Energy balance point 

observations from high altitude areas show that the long wave atmospheric radiation is 

the most important heat source for melting snow and ice, followed by solar radiation and 

sensible heat flux, the first two being several times larger than the latter (Hock, 2005; 

Ohmura, 2001).  Due to these facts, the simplification of !", which affect the netto solar 

radiation and incoming long wave radiation, and the approximation of the wind speed, 

which affects the heat fluxes, will probably cause error in the estimations of melt.  Inputs 

of these two variables from weather forecast models might be possible to include in 

future predictions.  Especially in areas with rapidly changing weather, like mountain 

areas and areas with a coastal climate, such input data will improve the models 

representation of the nature of these processes.  A higher temporal resolution than daily 

will probably improve the EB_model because several processes affecting the snowmelt, 

as other hydrological processes, operate at time scales less than daily. 

 

The purpose of including the correlation between observed and modelled groundwater 

fluctuations was to examine an additional observed variable affected by the snow melt 

rate, which is also simulated by the DDD model.  As aforementioned, the ground water 

level at FRS does not represent the catchment values of the ground water level in Sula 

and thus these results are less emphasised in the evaluation of the model performances of 

the three versions of the DDD model.  The groundwater level varies with the input from 

snowmelt and rainfall, and to some extent also with evapotranspiration.  Due to the fact 

that the amount and intensity of snowmelt, as already stated by the analysis of SWE and 

SCA, are modelled differently in the three versions of the DDD model, the correlation 
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between observed and modelled ground water fluctuations was expected to differ.  

DDD_G obtained the highest correlation with the observed values, which strengthen the 

previous assumptions, that the G_model infer more reliable and precise spatial 

distributions of SWE. 

 

The introduction of observable parameters, !! and !!, resulted in reduced predictive 

uncertainty in the DDD model, and the use of alternative validation methods, such as the 

observations of SCA, improved process understanding.  This implies that one should 

strive to use catchment data to develop physically based routines in the interest of 

developing more robust models.  The overall lower variability in the NSE for the 

validation period implies that the uncertainty is smaller for predictions with the DDD_G 

model than with the DDD_LN model, and that the reduction in the number of calibration 

parameters has reduced uncertainty associated with the CV parameter and flawed model 

structure.  The increased robustness of the DDD model after the implementation of the 

G_model makes a better tool for testing of new routines intending to increase process 

understanding at catchment scale, which is of interest for modelling runoff in ungauged 

basins and in a changing climate (Hrachowitz et al. 2013).  Testing and implementation 

of the G_model for the remaining catchments included in the operational flood forecast 

system at NVE, will be important in further validation and development of the method. 

  



!
76!

7 Conclusion 

 

This thesis tested a new method of estimating the spatial distribution of snow 

accumulating and melt (G_model), and an energy approach for modelling snowmelt 

(EB_model).  The implementation of the G_model in the DDD model did not improve 

the model performance in the calibration and the validation period, but reduced predictive 

uncertainty and contributed to a better process understanding of the spatial distribution of 

snow accumulation and melt.  The discrepancy between observed and modelled SCA in 

DDD_LN diagnosed from xGeo snow cover maps, which is based on MODIS satellite 

images, resulted in the detection of structural errors in the LN_model.  In contrast, from 

the good concurrence between observed and modelled SCA in DDD_G, one can 

conclude that the G_model capture the character of the distribution of snow better than 

the LN_model.  The G_model is widely applicable as the catchment-specific parameters 

can be derived for all catchments where there is possible to measure the spatial pattern of 

precipitation. 

 

Observations of SCA for Sula in the melt period have demonstrated the benefits of using 

observed SCA for model validation in order to enhance knowledge and obtain a more 

realistic representation of hydrological processes. Better insight is achieved to the 

processes controlling the spatial distribution of SWE than a comparison between 

observed and simulated runoff data would provide alone.  In the future, remote sensing 

observation on SCA and field observations of the spatial variability of SWE are 

important tools in research aiming to improve snow modelling, which is important for 

water power production, water management, climate research and flood prediction. 

 

The model results of DDD_EB suggest that further improvements and tests are needed 

before the EB_model can be used model in flood forecasting models. 
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Appendixes 

 

Appendix A – Snow measurements of the snow course at FRS 

a) Depth and SWE measurements. 

SWE at each stake is calculated by Eq. 1.  Bold numbers are the observed 

variables used in the validation of the LN_model and the G_model (Section 5.2.1 

and 5.2.2). 
! !
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Date (time)  15 May (20) 16 May (8) 16 May (20) 17 May (8) 17 May (20) 
Stake no Depth (m) Depth (m) Depth (m) Depth (m) Depth (m) 

1   0.06 0 0 0 0 
2    0.14    0.07 0 0 0 
3 0.34 0.32 0.29 0.285 0.28 
4 0.36 0.35 0.29 0.27 0.14 
5 0.47 0.45 0.41 0.405 0.335 
6 0.375 0.375 0.24 0.22 0.1 
7 0.38 0.36 0.33 0.26 0.2 
8 0.35 0.34 0.32 0.24 0.195 
9 0.335 0.325 0.295 0.29 0.23 
10 0.41 0.41 0.37 0.37 0.305 
11 0.43 0.41 0.37 0.34 0.31 
12 0.405 0.39 0.355 0.335 0.285 
13 0.46 0.44 0.415 0.39 0.36 
14 0.475 0.445 0.43 0.41 0.365 
15 0.36 0.34 0.305 0.295 0.225 
16 0.34 0.315 0.285 0.275 0.205 
17 0.45 0.44 0.415 0.4 0.365 
18 0.455 0.44 0.41 0.4 0.34 
19 0.425 0.42 0.39 0.37 0.33 
20 0.43 0.405 0.385 0.365 0.33 
21 0.365 0.34 0.31 0.28 0.215 
22 0.5 0.475 0.44 0.425 0.39 
23 0.4 0.385 0.35 0.33 0.285 
24 0.355 0.335 0.31 0.3 0.24 
25 0.4 0.38 0.33 0.325 0.285 
26 0.43 0.415 0.38 0.365 0.33 
27 0.4 0.38 0.345 0.33 0.29 
28 0.335 0.325 0.29 0.275 0.24 
29 0.415 0.4 0.37 0.355 0.315 
30 0.345 0.33 0.3 0.28 0.23 
31 0.345 0.33 0.3 0.28 0.235 
32 0.29 0.27 0.245 0.18 0.14 
33 0.28 0.25 0.22 0.2 0.03 
34 0.31 0.28 0.25 0.22 0.11 

Sum 12.62 11.94 10.745 10.065 8.235 
Average depth (m) 0.371 0.362 0.336 0.315 0.2573 
Density (kg/m3) 443.082 461.852 498.731 460.304 412.544 

Cond. mean SWE (m) 0.1645 0.1671 0.1675 0.1448 0.1062 

Cond. ∆SWE (m)   -0.00264 -0.00036 0.02268 0.03861 
SCA 100 97.06 94.12 94.12 94.12 

Rel. SCA 1 0.97 0.97 1 1 
Ucond.mean SWE (m) 0.1645 0.1622 0.1624 0.1448 0.1062 
Uncond.mean melt (m) 0 0.00227 0.00472 0.02268 0.03861 

      
Temperature (°C) 5 5 6 6 6 
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 Date (time) 18 May (8) 18 May (20) 19 May (8) 19 May (20) 20 May (8) 
Stake no Depth (m) Depth (m) Depth (m) Depth (m) Depth (m) 

1 0 0 0 0 0 
2 0 0 0 0 0 
3 0.235 0 0 0 0 
4 0.04 0 0 0 0 
5 0.33 0.25 0.24 0.19 0.18 
6 0.05 0 0 0 0 
7 0.11 0.06 0.06 0 0 
8 0.19 0.02 0 0 0 
9 0.17 0.01 0 0 0 
10 0.3 0.22 0.2 0 0 
11 0.28 0.175 0.06 0 0 
12 0.23 0.085 0.04 0 0 
13 0.35 0.27 0.255 0.13 0.12 
14 0.355 0.285 0.25 0.22 0.18 
15 0.22 0.1 0.02 0 0 
16 0.19 0.02 0.02 0.01 0 
17 0.35 0.275 0.26 0.05 0.045 
18 0.29 0.17 0.16 0.07 0.07 
19 0.325 0.24 0.235 0.17 0.14 
20 0.3 0.18 0.16 0.095 0.03 
21 0.125 0.03 0.01 0 0 
22 0.33 0.295 0.26 0.235 0.23 
23 0.275 0.2 0.18 0.12 0.1 
24 0.22 0.13 0.13 0 0 
25 0.27 0.2 0.19 0.135 0.13 
26 0.315 0.225 0.22 0.12 0.1 
27 0.27 0.18 0.175 0.06 0.055 
28 0.21 0.13 0.12 0.025 0.02 
29 0.285 0.215 0.21 0.135 0.095 
30 0.21 0.13 0.12 0.04 0.01 
31 0.205 0.04 0.035 0 0 
32 0.1 0.01 0.01 0 0 
33 0.005 0 0 0 0 
34 0.04 0 0 0 0 

Sum 7.175 4.145 3.62 1.805 1.505 
Average depth (m) 0.224 0.1535 0.145 0.1128 0.100 
Density (kg/m3) 404.078 524.839 492.853 474.268 501.961 

Cond. mean SWE 
(m) 0.0906 0.0806 0.0714 0.0535 0.0504 

Cond. ∆SWE (m) 0.01556 0.01003 0.00921 0.01786 0.00314 
SCA 94.12 79.41 73.53 47.06 44.12 

Rel. SCA 1 0.84 0.93 0.64 0.94 
Ucond.mean SWE 

(m) 0.0906 0.0680 0.0661 0.0342 0.0472 
Uncond.mean 

melt (m) 0.01556 0.02262 0.01449 0.03712 0.00629 

      
Temperature (°C) 6 12 6 11 10.5 
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b) Conditional standard deviation of SWE. 

Time! 15'May'(20)! 16'May'(8)! 16'May'(20)!

Density![kg/m3]! 443.082! 461.852! 498.731!

No!of!stakes!with!
snow!

34! 33! 32!

'' Depth'(m)' SWE'(mm)' Depth'(m)' SWE'(mm)' Depth'(m)' SWE'(mm)'

1! 0.06! 26.58! 0.07! 32.33! 0.29! 144.63!
2! 0.14! 62.03! 0.32! 147.79! 0.29! 144.63!

3! 0.34! 150.65! 0.35! 161.65! 0.41! 204.48!

4! 0.36! 159.51! 0.45! 207.83! 0.24! 119.70!
5! 0.47! 208.25! 0.375! 173.19! 0.33! 164.58!

6! 0.375! 166.16! 0.36! 166.27! 0.32! 159.59!

7! 0.38! 168.37! 0.34! 157.03! 0.295! 147.13!
8! 0.35! 155.08! 0.325! 150.10! 0.37! 184.53!

9! 0.335! 148.43! 0.41! 189.36! 0.37! 184.53!
10! 0.41! 181.66! 0.41! 189.36! 0.355! 177.05!

11! 0.43! 190.53! 0.39! 180.12! 0.415! 206.97!

12! 0.405! 179.45! 0.44! 203.21! 0.43! 214.45!
13! 0.46! 203.82! 0.445! 205.52! 0.305! 152.11!

14! 0.475! 210.46! 0.34! 157.03! 0.285! 142.14!

15! 0.36! 159.51! 0.315! 145.48! 0.415! 206.97!
16! 0.34! 150.65! 0.44! 203.21! 0.41! 204.48!

17! 0.45! 199.39! 0.44! 203.21! 0.39! 194.51!
18! 0.455! 201.60! 0.42! 193.98! 0.385! 192.01!

19! 0.425! 188.31! 0.405! 187.05! 0.31! 154.61!

20! 0.43! 190.53! 0.34! 157.03! 0.44! 219.44!
21! 0.365! 161.72! 0.475! 219.38! 0.35! 174.56!

22! 0.5! 221.54! 0.385! 177.81! 0.31! 154.61!

23! 0.4! 177.23! 0.335! 154.72! 0.33! 164.58!
24! 0.355! 157.29! 0.38! 175.50! 0.38! 189.52!

25! 0.4! 177.23! 0.415! 191.67! 0.345! 172.06!
26! 0.43! 190.53! 0.38! 175.50! 0.29! 144.63!

27! 0.4! 177.23! 0.325! 150.10! 0.37! 184.53!

28! 0.335! 148.43! 0.4! 184.74! 0.3! 149.62!
29! 0.415! 183.88! 0.33! 152.41! 0.3! 149.62!

30! 0.345! 152.86! 0.33! 152.41! 0.245! 122.19!

31! 0.345! 152.86! 0.27! 124.70! 0.22! 109.72!
32! 0.29! 128.49! 0.25! 115.46! 0.25! 124.68!

33! 0.28! 124.06! 0.28! 129.32!
!

29.53'

34! 0.31! 137.36!
!

35.21'
! !
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Std'of'SWE'
!

38.91'
! ! ! !!

Time! 17'May'(8)! 17'May'(20)! 18'May'(8)!

Density![kg/m3]! 460.3! 412.544! 404.078!

No!of!stakes!with!
snow!

32! 32! 32!

'' Depth'(m)' SWE'(mm)' Depth'(m)' SWE'(mm)' Depth'(m)' SWE'(mm)'

1! 0.285! 131.19! 0.28! 115.51! 0.235! 94.96!

2! 0.27! 124.28! 0.14! 57.76! 0.04! 16.16!
3! 0.405! 186.42! 0.335! 138.20! 0.33! 133.35!

4! 0.22! 101.27! 0.1! 41.25! 0.05! 20.20!

5! 0.26! 119.68! 0.2! 82.51! 0.11! 44.45!
6! 0.24! 110.47! 0.195! 80.45! 0.19! 76.77!

7! 0.29! 133.49! 0.23! 94.89! 0.17! 68.69!

8! 0.37! 170.31! 0.305! 125.83! 0.3! 121.22!
9! 0.34! 156.50! 0.31! 127.89! 0.28! 113.14!

10! 0.335! 154.20! 0.285! 117.58! 0.23! 92.94!
11! 0.39! 179.52! 0.36! 148.52! 0.35! 141.43!

12! 0.41! 188.72! 0.365! 150.58! 0.355! 143.45!

13! 0.295! 135.79! 0.225! 92.82! 0.22! 88.90!
14! 0.275! 126.58! 0.205! 84.57! 0.19! 76.77!

15! 0.4! 184.12! 0.365! 150.58! 0.35! 141.43!

16! 0.4! 184.12! 0.34! 140.26! 0.29! 117.18!
17! 0.37! 170.31! 0.33! 136.14! 0.325! 131.33!

18! 0.365! 168.01! 0.33! 136.14! 0.3! 121.22!
19! 0.28! 128.89! 0.215! 88.70! 0.125! 50.51!

20! 0.425! 195.63! 0.39! 160.89! 0.33! 133.35!

21! 0.33! 151.90! 0.285! 117.58! 0.275! 111.12!
22! 0.3! 138.09! 0.24! 99.01! 0.22! 88.90!

23! 0.325! 149.60! 0.285! 117.58! 0.27! 109.10!

24! 0.365! 168.01! 0.33! 136.14! 0.315! 127.28!
25! 0.33! 151.90! 0.29! 119.64! 0.27! 109.10!

26! 0.275! 126.58! 0.24! 99.01! 0.21! 84.86!
27! 0.355! 163.41! 0.315! 129.95! 0.285! 115.16!

28! 0.28! 128.89! 0.23! 94.89! 0.21! 84.86!

29! 0.28! 128.89! 0.235! 96.95! 0.205! 82.84!
30! 0.18! 82.85! 0.14! 57.76! 0.1! 40.41!

31! 0.2! 92.06! 0.03! 12.38! 0.005! 2.02!

32! 0.22! 101.27! 0.11! 45.38! 0.04! 16.16!

Std'of'SWE'

!
30.12'

!
35.79'

!
40.39'
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Time' 18'May'(20)' 19'May'(8)' 19'May'(20)' 20'May'(8)'

Density!
[kg/m3]!

524.839! 492.853! 474.268! 501.961!

No!of!stakes!
with!snow!

27! 25! 16! 15!

!! Depth'(m)'

SWE'

(mm)'

Depth'

(m)'

SWE'

(mm)'

Depth'

(m)'

SWE'

(mm)'

Depth'

(m)'

SWE'

(mm)'

1! 0.25! 131.21! 0.24! 118.28! 0.19! 90.11! 0.18! 90.35!

2! 0.06! 31.49! 0.06! 29.57! 0.13! 61.65! 0.12! 60.24!

3! 0.02! 10.50! 0.2! 98.57! 0.22! 104.34! 0.18! 90.35!
4! 0.01! 5.25! 0.06! 29.57! 0.01! 4.74! 0.045! 22.59!

5! 0.22! 115.46! 0.04! 19.71! 0.05! 23.71! 0.07! 35.14!

6! 0.175! 91.85! 0.255! 125.68! 0.07! 33.20! 0.14! 70.27!
7! 0.085! 44.61! 0.25! 123.21! 0.17! 80.63! 0.03! 15.06!

8! 0.27! 141.71! 0.02! 9.86! 0.095! 45.06! 0.23! 115.45!
9! 0.285! 149.58! 0.02! 9.86! 0.235! 111.45! 0.1! 50.20!

10! 0.1! 52.48! 0.26! 128.14! 0.12! 56.91! 0.13! 65.25!

11! 0.02! 10.50! 0.16! 78.86! 0.135! 64.03! 0.1! 50.20!
12! 0.275! 144.33! 0.235! 115.82! 0.12! 56.91! 0.055! 27.61!

13! 0.17! 89.22! 0.16! 78.86! 0.06! 28.46! 0.02! 10.04!

14! 0.24! 125.96! 0.01! 4.93! 0.025! 11.86! 0.095! 47.69!
15! 0.18! 94.47! 0.26! 128.14! 0.135! 64.03! 0.01! 5.02!

16! 0.03! 15.75! 0.18! 88.71! 0.04! 18.97!
!

32.30'

17! 0.295! 154.83! 0.13! 64.07!
!

32.28'

' !18! 0.2! 104.97! 0.19! 93.64!
! ! ! !19! 0.13! 68.23! 0.22! 108.43!
! ! ! !20! 0.2! 104.97! 0.175! 86.25!
! ! ! !21! 0.225! 118.09! 0.12! 59.14!
! ! ! !22! 0.18! 94.47! 0.21! 103.50!
! ! ! !23! 0.13! 68.23! 0.12! 59.14!
! ! ! !24! 0.215! 112.84! 0.035! 17.25!
! ! ! !25! 0.13! 68.23! 0.01! 4.93!
! ! ! !26! 0.04! 20.99!

!
43.96'

! ! ! !27! 0.01! 5.25!
! ! ! ! ! !Std'of'SWE'

!
48.84'

! ! ! ! ! ! 
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Appendix B – parameter sets for Sula catchment 

 

a) Parameter set of the DDD model with values for the Sula catchment.  The 

bolded parameters are calibrated. 

!

Parameter' Unit' Value' Description'

a00!

a01!

a02!

a03!

a04!

a05!

a06!

a07!

a08!

a09!

a10!

M!a.s.l.! 1006!

1240!

1264!

1296!

1326!

1349!

1393!

1427!

1468!

1524!

1808!

Elevation!of!11!quantiles!(0,!10,!20,!30,!40,!50,!60,!70,!

80,!90,!100).!

pro& [%]! ! Max!liquid!water!content!in!snow!

Hfelt! [m]! 1349! Mean!elevation!of!cathment!

tgrad& [°C/100!m]! ! Temperature!gradient!

pgrad& [mm/100!m]! ! Precipitation!gradient!

Pkorr& []! ! Correction!factor!for!precipitation!!

skorr& []! ! Correction!factor!for!precipitation!as!snow!

TX' [°C]! ! Threshold!temperature!rain!/!snow!
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TS' [°C]! ! Threshold!temperature!melting!/!freezing!

CX' [mm/°C/day]! ! DegreeVday!factor!for!melting!snow!

CFR! [mm/°C/day]! 0.02! DegreeVday!factor!for!freezing!

CX!glac! [mm/°C/day]! 0.7! DegreeVday!factor!for!melting!glacier!ice!

Area& [m2]! 30!320!000! Catchment!area!

maxLbog! [m]! 225! Max!of!distance!distribution!for!bogs!

midLbog! [m]! 55.67! Mean!of!distance!distribution!for!bogs!

Bogfrac! []! 0.01! Fraction!of!bogs!in!catchment!

Zsoil! []! 0.07! Areal!fraction!of!zero!distance!to!the!river!network!

for!soils!

Zbog! []! 0.32! Areal!fraction!of!zero!distance!to!the!river!network!

for!bogs!

NOL! []! 5! Number!of!storage!levels!

cea& [mm/°C/day]' ! Degree!day!factor!for!evapotranspiration!!

R! []! 0.3! Ratio!defining!field!capacity!!

G!shape! []! 0.905! Shape!parameter!of!gamma!distributed!celerities!

G!scale! []! 0.17! Scale!parameter!of!gamma!distributed!celerities!

G!satch! []! 1.093! !

!"& []! ! Coeff.!of!variation!for!spatial!distribution!of!snow!

rv& [m/s]! ! Mean!celerity!in!river.!

m!"! !!"[m]! 6534! Mean!of!distance!distribution!of!the!river!network!

s!"! !!"[m]! 3428! Standard!deviation!of!distance!distribution!of!the!

river!network!

Rd!"#! !"!"#[m]! 14050! Max!of!distance!distribution!in!river!network!

M& [mm]! ! Max!of!subsurface!water!reservoir!
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d! [m]! 200! Mean!of!distance!distribution!for!hillslope!

d!"#! [m]! 1012! Max!of!distance!distribution!for!hillslope!

 

b) Additional parameter set for DDD_EB. 

Parameter' Unit' Value' Description'

X!coordinate! ! 131793! X!coordinate!of!the!location!of!the!Sula!

catchment.!

Y!coordinate! ! 6796702! Y!coordinate!of!the!location!of!the!Sula!

catchment.!

u! [m/s]! 1.75! Wind!speed!

Pa! [hPa]! 101.1! Air!pressure!

Aprim! []! 0.86! Initial!albedo!value!

taux! []! 0.0! Initial!age!of!snow!
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Appendix C – parameter uncertainty analysis 

Parameter sets of DDD_LN and DDD_G used in validation of the models and uncertainty 

analysis of the calibrated parameters.  Bold values represents the best score. 

 

 
DAILY'TIME'RESOLUTION'

'          
             DDD_LN'

'            Par.!set! 78' 80' 82' 85' 87' 90' 92' 95' 97' Max' Mean' Std'

pro! 0.059! 0.065! 0.047! 0.047! 0.053! 0.045! 0.040! 0.057! 0.045! 0.043! 0.050! 0.0076'

tgrad! V0.870! V0.812! V0.828! V0.798! V0.881! V0.753! V0.860! V0.897! V0.795! V0.850! V0.834! 0.0428!

pgrad! 0.051! 0.042! 0.063! 0.064! 0.049! 0.065! 0.064! 0.041! 0.060! 0.062! 0.056! 0.0089!

pkorr! 0.862! 0.687! 0.816! 0.726! 0.726! 0.756! 0.875! 0.766! 0.824! 0.774! 0.781! 0.0584!

skorr! 0.529! 0.523! 0.491! 0.506! 0.570! 0.573! 0.518! 0.561! 0.498! 0.531! 0.530! 0.0276'

TX! 1.014! 0.999! 0.578! 0.413! 1.012! 0.712! 0.681! 0.967! 0.588! 0.589! 0.755! 0.2117!

TS! V0.542! V0.534! V0.384! V0.311! V0.695! V0.406! V0.572! V0.731! V0.477! V0.398! V0.505! 0.1297!

CX! 4.014! 3.343! 4.156! 3.872! 3.483! 4.111! 3.879! 3.495! 3.927! 3.894! 3.817! 0.2656!

cea! 0.259! 0.182! 0.257! 0.259! 0.207! 0.253! 0.240! 0.252! 0.257! 0.253! 0.242! 0.0248!

cvHBV! 0.480! 0.504! 0.512! 0.669! 0.485! 0.601! 0.513! 0.501! 0.576! 0.524! 0.537! 0.0572!

rv! 1.025! 1.033! 0.225! 0.443! 1.066! 0.255! 0.412! 0.989! 0.391! 0.363! 0.620! 0.3392!

GST! 81.591! 65.809! 76.622! 83.877! 89.751! 79.198! 87.036! 63.275! 80.893! 77.650! 78.570! 8.0074'

'             
             ! !
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DDD_G'

'            Par.!set! 78' 80' 82' 85' 87' 90' 92' 95' 97' Max' Mean' Std'

pro! 0.031! 0.041! 0.030! 0.045! 0.042! 0.053! 0.033! 0.032! 0.041! 0.026! 0.037! 0.0080!

tgrad! V0.890! V0.803! V0.847! V0.794! V0.829! V0.775! V0.849! V0.855! V0.845! V0.886! V0.837! 0.0356'

pgrad! 0.083! 0.081! 0.083! 0.073! 0.082! 0.074! 0.086! 0.082! 0.086! 0.073! 0.080! 0.0049'

pkorr! 0.799! 0.755! 0.699! 0.769! 0.821! 0.781! 0.888! 0.865! 0.783! 0.832! 0.799! 0.0522'

skorr! 0.618! 0.550! 0.561! 0.585! 0.515! 0.533! 0.552! 0.543! 0.538! 0.594! 0.559! 0.0297!

TX! 0.664! 0.676! 0.794! 0.769! 0.694! 0.636! 0.768! 0.681! 0.692! 0.703! 0.708! 0.0492'

TS! V0.402! V0.420! V0.440! V0.351! V0.392! V0.331! V0.530! V0.408! V0.364! V0.473! V0.411! 0.0561'

CX! 3.682! 3.293! 3.121! 2.979! 2.805! 2.997! 3.231! 2.951! 3.162! 3.311! 3.153! 0.2341'

cea! 0.174! 0.183! 0.145! 0.149! 0.168! 0.138! 0.142! 0.201! 0.170! 0.141! 0.161! 0.0203'

cvHBV!

!         

!!

!  rv! 0.330! 0.407! 0.296! 0.422! 0.391! 0.408! 0.277! 0.341! 0.392! 0.457! 0.372! 0.0553'

GST! 83.230! 69.975! 61.968! 73.901! 72.209! 60.947! 74.841! 75.819! 83.251! 94.715! 75.085! 9.6265!

 

 

!

3UHOURLY'TIME'RESOLUTION'

'         
             DDD_LN'

'           Par.'set' 78' 80' 82' 85' 87' 90' 92' 95' 97' Max' Mean' Std'

pro! 0.062! 0.076! 0.093! 0.078! 0.077! 0.082! 0.064! 0.085! 0.085! 0.083! 0.079! 0.0090!

tgrad! V0.448! V0.451! V0.452! V0.328! V0.212!

V

0.333! V0.579! V0.290! V0.370! V0.362! V0.382! 0.0981!

pgrad! 0.039! 0.041! 0.037! 0.044! 0.048! 0.045! 0.037! 0.045! 0.045! 0.042! 0.042! 0.0037'

pkorr! 0.551! 0.754! 0.605! 0.626! 0.614! 0.718! 0.676! 0.690! 0.729! 0.690! 0.665! 0.0609!

skorr! 0.581! 0.575! 0.586! 0.563! 0.528! 0.589! 0.528! 0.532! 0.503! 0.545! 0.553! 0.0284!

TX! 0.267! 0.343! 0.311! 0.304! 0.311! 0.364! 0.363! 0.363! 0.272! 0.302! 0.320! 0.0346'

TS! 0.015! 0.010! 0.009! 0.009! 0.010! 0.010! 0.012! 0.009! 0.011! 0.010! 0.010! 0.0016'

CX! 0.466! 0.472! 0.434! 0.458! 0.425! 0.451! 0.421! 0.411! 0.429! 0.452! 0.442! 0.0196'

cea! 0.013! 0.018! 0.017! 0.020! 0.017! 0.016! 0.014! 0.017! 0.022! 0.019! 0.017! 0.0026!

cvHBV! 0.651! 0.676! 0.563! 0.591! 0.636! 0.633! 0.467! 0.642! 0.571! 0.613! 0.604! 0.0570!

rv! 1.260! 1.496! 1.466! 1.465! 1.338! 1.352! 1.228! 1.478! 1.372! 1.361! 1.382! 0.0886'

GST! 88.93! 81.55! 83.89! 64.61! 76.14! 76.18! 91.16! 69.40! 83.41! 74.83! 79.01! 7.9331!

!             
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             DDD_G'

'            Par.'set' 78' 80' 82' 85' 87' 90' 92' 95' 97' Max' Mean' Std'

pro! 0.087! 0.081! 0.092! 0.082! 0.087! 0.085! 0.087! 0.089! 0.086! 0.077! 0.085! 0.0040'

tgrad! V0.750! V0.726! V0.733! V0.846! V0.878!

V

0.773! V0.720! V0.783! V0.771! V0.794! V0.777! 0.0487'

pgrad! 0.030! 0.039! 0.031! 0.037! 0.043! 0.042! 0.045! 0.044! 0.036! 0.045! 0.039! 0.0054!

pkorr! 0.800! 0.969! 0.810! 0.919! 0.837! 0.865! 0.808! 0.943! 0.883! 0.848! 0.868! 0.0562'

skorr! 0.444! 0.445! 0.421! 0.477! 0.420! 0.413! 0.428! 0.417! 0.424! 0.453! 0.434! 0.0192'

TX! 1.332! 1.169! 1.023! 1.323! 1.216! 1.199! 1.045! 1.259! 0.989! 1.121! 1.168! 0.1153!

TS! 0.871! 0.867! 0.994! 0.784! 1.031! 1.029! 1.080! 1.163! 1.050! 0.999! 0.987! 0.1079!

CX! 0.522! 0.462! 0.504! 0.471! 0.542! 0.502! 0.516! 0.541! 0.559! 0.537! 0.515! 0.0297!

cea! 0.019! 0.017! 0.018! 0.018! 0.016! 0.015! 0.016! 0.016! 0.017! 0.016! 0.017! 0.0012'

cvHBV!

!         

!!

!  rv! 0.656! 0.916! 0.853! 0.657! 0.966! 0.821! 0.910! 0.977! 0.829! 1.084! 0.867! 0.1287!

GST! 113.01! 116.13! 114.03! 106.35! 109.40! 97.89! 115.04! 113.33! 113.41! 113.08! 111.17! 5.1689'

 


