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Abstract 

Debris flows and debris slides/avalanches (weather-induced landslides) represent a significant 

threat to infrastructures and human habitation in Norway. They are triggered by a 

combination of high intensity rainfall, snowmelt, high groundwater levels and high soil 

moisture, with rainfall being the most significant factor. They are most common in 

mountainous areas, in incised valleys of otherwise low relief, on steep slopes adjacent to 

fjords and in submarine environments.  

To reduce the risk and impact of landslide activity, Norway has recently established a 

landslide early warning system at the Norwegian Water Recourses and Energy Directorate 

(NVE). This thesis investigates if the large-scale synoptic weather types in combination with 

rain, snowmelt and soil saturation can be related to the occurrence of weather-induced 

landslides in southern Norway. This could allow forecasters who operate the early warning 

system to be prepared further in advance.  

As a first step, historical landslide data obtained from the Norwegian landslide database were 

extracted and quality controlled to derive at a final dataset of events for further analysis. This 

data set was subsequently examined, on a regional scale, by providing landslide statistics for 

climatic regions for southern-Norway. An attempt to classify the spatial patterns of weather-

induced landslide data based on the climatic regions did not yield satisfying results. Improved 

classification results were obtained when dividing southern Norway into landslide domains 

(R3a). The classification provides a time series of landslide classes that was compared to time 

series of precipitation classes based on self-organizing maps (SOM). It showed a clear 

relationship between the two. Finally, the SynopVis Grosswetterlagen (SVG) classification of 

daily weather types was compared to the precipitation classification. Although a clear 

relationship also was observed here, comparing the weather-induced landslide classification to 

the SVG classification showed a less obvious relationship; indicating that other variables also 

influence the occurrence of weather-induced landslides.  

In order to predict the occurrence of landslides within a region, a logistic regression method 

was used. The dependent variable was the occurrence of landslides within a region (either 

landslides or no landslides). The independent variables were the SVG classes, mean daily 

rainfall and snowmelt data obtained from SeNorge2 grids, as well as a hydmet-index already 

in use in the early warning system. It was first executed on the variables separate, yielding 

varying results in terms of significance, odds ratio (OR) and predicted probability.  An 

automated model selection tool was then used to select the best combination of independent 

variables. The results showed that in seven of the twelve regions from R3a the SVGs have the 

highest predictive power in terms of slide occurrence. In these regions, with the exception of 

one, the models are significantly better than a null model, and the models are good in 

predicting weather-induced landslide occurrence. The highest predictive probability of 

weather-induced landslide occurrence is caused by the weather type Zonal Ridge across 

Central Europe (BM), which yields a 90 % probability of weather-induced landslides on the 

west coast. This weather type has also been identified as being related to floods in the same 

area.  
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1 Introduction 

1.1 Background 

There is a variety of mass-movement processes, as well as a range of geologic, topographic 

and climatic environments in which a landslide can occur (Clauge and Roberts, 2012). 

Landslides are natural geological processes that can be triggered by earthquakes, heavy 

rainfall, high pore pressure, frost-shattering and human activity (Ramberg et.al, 2008). They 

are most common in mountainous areas, but are not restricted to them. They also occur in 

incised valleys of otherwise low relief, around many fjords and lakes and in submarine 

environments. In Norway experiences show that debris slides, debris avalanches, debris flows 

and shallow soil slides (herein referred to as weather-induced landslides) usually are triggered 

by a combination of high intensity precipitation, snow melt, high groundwater levels and high 

soil moisture (Kronholm and Stalsberg, 2009, Væringstad and Devoli, 2012), with  

precipitation being the most significant factor (Trigo et al., 2005, Kronholm and Stalsberg, 

2009). The term landslide is used herein as a general term for all types of landslides, 

including snow avalanches, whereas landslide in rock is used to refer to rockfalls, rockslides 

and rock avalanches of different sizes. 

 

In Norway, with its steep mountains and fjords, history has taught us that landslides represent 

perhaps the greatest natural threat to humans and infrastructure. During the last 150 years 

about 2000 people have lost their lives in landslide related accidents, of which snow 

avalanches are responsible for more than 1500 of the deaths (Ramberg et al., 2008, Jaedicke 

et al., 2008). Even though weather-induced landslides are not as threatening as other 

landslides in terms of fatalities, loss of human lives have occurred (Colleuille and Engen, 

2009). The number of fatalities in Norway during the last century caused by debris flows and 

shallow landslides is estimated to about 40 (Stalsberg et al., 2012). 

Weather events are defined as extreme when the wind is so strong or precipitation is so heavy, 

or if the water-level is expected to be so high or the landslide hazard is so great, that life and 

property can be lost if society is not especially prepared, and the weather influences a large 

area, e.g. a county (DSB, 2013). Over recent decades extreme weather events has become 

more and more frequent (Jentsch and Beierkuhnlein, 2008). As a consequence, the landslide 

frequency has also increased. This increase cannot be associated only with climate change, 

but is also related to an increase in  human activities in areas prone to landslides (increased 

exposure) and a better recording of landslide events (Førland et al., 2007, Lied, 2014).  

To reduce the risk and impact of landslides, site-specific or regional/national early warning 

systems have been established in countries around the world. Early warning can broadly be 

defined as the timely advice before a potentially hazardous phenomenon occurs (Lacasse and 

Nadim, 2009). Lacasse et al.(2009) said that a reliable landslide early warning system needs: 

 Understanding of the sliding process 

 Historical knowledge of triggers 

 Effective monitoring program 

 Interpretation of data  
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 Decision-making, including possibility for human intervention 

 Public tolerance for false alarms 

 Communication system 

 Pre-established action plans for implementation 

 Feedback loop and adaptability of system to “new” knowledge 

The perhaps most advanced and successful early warning system in the world is the one 

installed in Hong Kong. This country has a rugged terrain with hills rising up steeply, making 

it very prone to landslide occurrences. In addition, Hong Kong is densely populated with less 

than 30 % of these areas being flat. If a landslide occurs here, the damage consequences 

would be catastrophic, as experienced in 1972 and 1976, when two landslide events together 

caused over 100 fatalities.  This led to the establishment of today’s Geotechnical Engineering 

Office (GEO), a national utility responsible for landslide preventions trough establishment of 

instructions and guidelines for slope design and performance of slope stabilization (which is 

frequently needed). They also have the responsibility for quantitative risk management and 

landslide early warning. Moreover, they provide education programs for the general 

population and homeowners to raise awareness of landslides and related risks. Radio and 

television, in addition to a telephone hotline and a website, allows GEO to communicate a 

wide range of information and advice to local residents (Thiebes, 2012). Many other countries 

around the world have also established site-specific operational early warning systems 

(Thiebes, 2012). 

Most technical systems rely on monitoring of external and internal factors, and utilize 

thresholds which are either based on expert knowledge or mode results (Thiebes, 2012). 

Threshold for landslides is usually based on studies of rainfall intensity and duration and is 

defined as: “For a specific duration a minimum intensity of rainfall is needed for a landslide 

to happen” (Caine, 1980). There are many research works in establishing thresholds (Caine, 

1980, Wieczorek and Glade, 2005, Kanungo and Sharma, 2014), but very few examples of 

early warning systems exist, where full advantage is taken of the predictive possibilities of 

landslide simulation and prediction models (Thiebes, 2012). Norway is one of the few, and 

has recently established a national landslide early warning system at the Norwegian Water 

Recourses and Energy Directorate (NVE) (Devoli et al., 2014). NVE is also responsible for 

the Norwegian landslide database (NSDB), which is an archive of historical landslide events 

in Norway (Devoli and Wasrud, 2012, Sokalska et al., 2015). The registration of historical 

and recent landslide events is necessary for making reliable hazard and risk evaluations, and is 

by that closely linked to the early warning system (Devoli and Wasrud, 2012).  

To forecast weather-induced landslides it is important to understand the geological and 

meteorological conditions and, in most cases, the amount of rainfall needed to trigger a 

landslide in a certain area. In Norway rainfall amount during one or several days is an 

important trigger of weather-induced landslides in most of the country (Førland et al., 2007). 

Particularly strong storms with heavy rain frequently initiate weather-induced landslides 

(Dyrrdal et al., 2012). Triggering of shallow slides or debris flows generally refers to short 

and intense rain storms and/or rapid snowmelt causing high soil saturations and positive pore 

pressure, whereas the occurrence of deep-seated weather-induced landslides is more affected 
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by long-term rainfall amounts (Thiebes, 2012, Dyrrdal et al., 2012). Debris flows are more 

closely related to rainfall and snowmelt than rockfall and rock slides (Dyrrdal et al., 2012). 

Statistical data from Norway indicates that if the accumulated rainfall in one day is greater 

than 8% of the annual total rainfall, debris slides can be expected (Lacasse and Nadim, 2009, 

Kronholm and Stalsberg, 2009).  

Climate projections for Norway predict an increase in overall precipitation and high intensity 

events in the future, which may increase the frequency of weather-induced landslides (Førland 

et al., 2007). A change in climate will also change the occurrence of landslides in time and 

space, and an increase in debris flows, debris avalanches and slush flows can be expected in 

Norway, while dry snow slides reaching into the low lands are expected to decrease (Lied, 

2014). The risk associated with landslides is also growing as a consequence of climate change 

(and increased exposure) (Lacasse and Nadim, 2009). 

For several years there has been a large focus internationally on establishing connections 

between large scale weather types on one side, and local/ regional weather on the other side 

(Hanssen-Bauer and Førland, 2000). A classification of weather types simplifies the complex 

dynamical properties of the atmosphere to a few discrete classes. For southern Norway a clear 

coherence between weather type classes and the regional distribution of precipitation is found, 

especially due to topographic effects (Fleig et al., 2011). Connections between large scale 

atmospheric weather systems and flood occurrence in Norway have also been demonstrated 

(Roald, 2008). Large floods are often followed by weather-induced landslides (Andreassen et 

al., 2015). Thus, with both precipitation and floods being linked to weather types, a link 

between large scale weather types and landslides could perhaps be expected as well. In 2005, 

Trigo et al. found connections between the North Atlantic Oscillation (NAO) index and the 

occurrence of weather-induced landslides in Portugal. Such connections have not yet been 

studied in Norway. 

 

1.2 Motivation and objectives of the study  

As mentioned, Norway is prone to weather-induced landslides. Due to the possible increase of 

these types of landslides in the future, it is important to get a better understanding of the 

occurrence of weather-induced landslides on a regional scale in southern Norway. The 

relationship between weather types and weather-induced landslides has not been studied here, 

but is important to investigate. The first objective of this thesis is therefore to investigate if the 

large-scale synoptic atmospheric weather types in combination with precipitation patterns can 

be related to the occurrence of weather-induced landslides on a regional scale in southern 

Norway. The second objective is to use the results from this investigation as a basis to 

construct prediction models for weather-induced landslides, by using precipitation data and 

soil saturation in combination with weather types as predictor variables. This is done in order 

to investigate if the weather types can be used in predicting occurrence and non-occurrence of 

weather-induced landslides. If the results are satisfying, they can provide additional 

information to the operators of the landslide early warning system in Norway, and allow them 

to be prepared further in advance. The study includes analyses of historical landslide data, 

weather types and precipitation patterns.  
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The following tasks are performed: 

 Gather and systemize landslide data. 

 Classify weather-induced landslides based on spatial patterns. 

 Test how well the weather types distinguishes weather-induced landslides  

 Investigate the dependency between the landslide classification and the weather types 

and precipitation patterns.  

 Construction of prediction models for weather-induced landslide occurrence. 

 

1.3 Structure of thesis 

Chapter 2 presents the theoretical background for the thesis. It describes weather-induced 

landslides and weather types and how they can be classified. Chapter 3 presents the study area, 

i.e. southern Norway, and includes a description of the topography, geology, hydrology and 

climate. The data used is presented in chapter 4. This chapter also discusses the structure and 

limitations of the Norwegian landslide database (NSDB), and explains how data was extracted 

from it. Chapter 5 presents the methods used for analyzing weather-induced landslides, and 

includes the method used for spatially classifying weather-induced landslides and the methods 

used for analyzing the links between atmospheric weather types, precipitation patterns and 

weather-induced landslides. It also explains how the prediction models were built. Chapter 6 

presents the results of the analyses, which are discussed in chapter 7. Chapter 8 summarizes 

the main conclusions and gives recommendations for future work. 
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2 Theoretical background 

 

2.1 Weather-induced landslides 

The most common and widely used classification of landslides was proposed by Varnes 

(1978), and distinguishes between the material properties “rock, debris and earth”. The 

landslides are then categorized according to failure mechanisms - falls, topples, slides, spreads 

and flows (Varnes, 1978, Clauge and Roberts, 2012, Hungr et al., 2014). Other classifications, 

such as the one proposed by Cruden and Varnes (1996), are based on water content and 

movement velocity. Landslides where the movement process consist of two or more different 

processes acting together, for instance a rockfall that evolves into a rock avalanche, or a 

debris slide that turns into a debris flow, are categorized by Varnes (1978) as complex 

landslides. The classification by Varnes (1978) is, however, neither compatible with 

geological terminology of materials distinguished by origin, nor with geotechnical 

classifications based on mechanical properties (Hungr et al., 2014). Hungr et al. (2014) 

therefore proposed a new classification of landslides, updating the characterization of 

materials from Varnes’ classification, in addition to several other changes related primarily to 

movement mechanisms. They also took into account movement velocity as introduced by 

Cruden and Varnes (1996). This results in 32 classes, which are presented in Table 1. A 

complex class is excluded from the new classification scheme, as Hungr et al (2014) 

concludes that such a class is not useful. Almost every landslide is complex to a degree, and 

for the sake of all classes being unique, one should instead use more than one class to describe 

a landslide if necessary (Hungr et al., 2014).  

 
Table 1 Classification of landslides after Hungr et al (2014). The words in italics are placeholders (use only one). 

Type of movement Rock Soil 

Fall 1. Rock/ice fall
a 

2.Boulder/debris/silt fall
a 

Topple 3.Rock block topple
a 

5.Gravel/sand/silt topple
a
 

 4.Rock flexural topple  

Slide 6.Rock rotational slide 11.Clay/silt rotational slide 

 7.Rock planar slide
a
 12.Clay/silt planar slide 

 8.Rock wedge slide
a
 13.Gravel/sand/debris slide

a
 

 9.Rock compound slide 14. Clay/silt compound slide 

 10.Rock irregular slide
a 

 

Spread 15.Rock slope spread 16.Sand/silt liquefaction spread
a 

  17. Sensitive clay spread
a 

Flow 18.Rock/ice avalanche
a 

19.Sand/silt/debris dry flow 

  20. Sand/silt/debris flowslide
a 

  21. Sensitive clay flowslide
a 

  22. Debris flow
a
 

  23.Mud flow
a
 

  24.Debris flood 

  25.Debris avalanche
a
 

  26.Earthflow 

  27.Peat flow 

Slope deformation 28.Mountain slope deformation 30.Soil slope deformation 

 29.Rock slope deformation 31.Soil creep 

  32.Soilfluction 
a
 Movement types that usually reach extremely rapid velocities as defined by Cruden and Varnes (1996). Other 

landslide types are most often, but not always, extremely slow to very rapid (Hungr et al., 2014).  
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This thesis focuses on weather-induced landslides, and looks at three types of landslide in 

soils (from Table 1): Debris slides (13), debris avalanches (25) and debris flows (22). 

However, it is possible that some of the events registered as debris flows or simply landslides 

in soils can be classified as debris floods (24). Within the category debris slides, events can be 

distinguished based on the size, shallow slides being the smallest.   

In the following more elaborated definitions of the investigated landslide types are presented. 

For elaborated definitions of the rest of the landslide types in Table 1, see Hungr et al (2014). 

Shallow soil slides are usually triggered by water in unconsolidated slope deposits which 

cover impermeable rock (Trigo et al., 2005). Shallow soil slides can occur in small, usually 

planar slopes, or they can start high in a slope and can then initiate a debris slide or debris 

avalanche. Debris slides and debris avalanches are quick, shallow slides and movement of 

debris that are highly saturated, and occur in steep, open slopes outside established channels 

(NVE, 2013a). They normally happen in slopes steeper than 30 degrees, but can occur in 

slopes as flat as 20 degrees, if there is no vegetation, or if humans have interfered. They travel 

far (~300 m) and increase in magnitude and spread as they continue downhill. The shape can 

be either triangular or tongue formed, with the coarsest debris travelling the furthest. Debris 

slides and debris avalanches are rarely triggered in the same spot more than once, because 

they remove all rocks, soil and vegetation in their way; and it usually takes years before 

enough soil has accumulated so that a new debris slide can occur. They can in some cases 

travel into steep, well defined v-shaped river and stream channels where they can evolve into 

debris flows (NVE, 2013a). 

Debris flows are fast, flow like slides that occur along river and stream channels, even where 

there is no water on a daily basis. They can start as: 1) Erosion. The water erodes the river 

banks, and transport large amounts of debris, rock and vegetation. 2) A debris slide/ debris 

avalanche. Debris flows occur in slopes between 25 – 40 degrees. As the debris move 

downstream the water and sediment content gets larger, and the volume increases 

considerably. The channelizing makes the flow constant in thickness, it sorts the sediments 

with the large rocks at the bottom and the smaller on the surface, and it develops surges. A 

debris flow can occur as a series of surges varying from one to hundreds. The debris is 

deposited at the foot of the slope in the shape of a fan. The high amount of water together 

with sediments in the debris flow can make it travel very far, and the more water present, the 

further the flow travels. For that reason debris flows tend to travel further than debris slides 

and debris avalanches (> 1 km, up to 3-5 km in Norway) (NVE, 2013a).  
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2.2 Atmospheric circulation and weather types  

The atmospheric circulation has a large impact on regional and local climate variations, and 

the influence can be both temporal and spatial. The variations are most obvious when 

considering a synoptic scale (Tveito, 2010), i.e. large scale systems that span several hundred 

to several thousand kilometers (NWS, 2010).  

Norway is exposed to weather systems from the Atlantic Ocean and the Norwegian Sea along 

the west coast, whereas the eastern part of southern Norway is exposed to weather systems 

from a sector from southwest to east (Roald, 2008). Due to the influence of the atmospheric 

circulation on the climate variability, it is often necessary to classify the atmospheric 

circulation to access the links between climate and circulation (Tveito, 2010).  

2.2.1 Weather type classification 

The motivation for classifying the synoptic patterns is to simplify the complex nature of the 

atmosphere into discrete categories by a set of rules, and it can be applied for a wide number 

of applications (Tveito, 2010). 

To describe the atmospheric situation over a region weather types (WTs, also called 

“circulation patterns” when defined by air pressure only) are often used. A large number of 

different weather type classifications (WTCs) and circulation type classifications (CTCs) are 

available, and they can be defined using different methods and input data (Fleig et al., 2011). 

Due to the large number of approaches and methods, often developed for very specific 

purposes, the European activity COST Action 733 was established. Here program routines 

and time series based on different classification methods were created and evaluated for 

different applications (Tveito, 2010, Landgren et al., 2013). From the catalogues included in 

this dataset, Tveito (2010) analyzed the circulation type classifications ability to describe the 

Norwegian precipitation patterns. He concluded that methods using 27-30 weather types were 

favorable. Fleig et al. (2011) stated that an objective WTC derived on a large domain, and 

defining enough WTs to also represent extreme situations, is preferable when investigating 

regional drought. Fleig et al. (2010) recommend using the objective Grosswetterlagen 

(OGLW), which consists of 29 classes, when analyzing regional hydrological drought. In 

Fleig et al. (2015) the monthly varying patterns in streamflow trends in Europe were analyzed 

in relation to changes in the atmospheric circulation. The study used the SynopVis 

Grosswetterlagen (SVG) classification procedure, which is an improved version of the 

OGLW previously recommended (Fleig et al., 2010, 2011). The improved version (SVG) 

contains two additional variables, which increased the ability to distinguish between relevant 

weather types (air mass types) affecting the European region (Fleig et al., 2015). More about 

the SVG classification procedure can be found in section 4.6. 
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3 Study area  

 

The study area in this thesis is southern Norway, which consists of 15 counties when 

including Sør-Trøndelag County in the north (Figure 1). When comparing landslide 

occurrence with weather systems on a synoptic scale, choosing a local study area will limit 

the interpretation due to the large variations in topography and geology in Norway, which 

influences the climate and hydrology, which in turn influence the spatial and temporal 

distribution of landslides. To get the best possible interpretation, a regional scale was used for 

the analyses in this study.  

 

Figure 1 The study area 
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3.1 Topography and geology 

Southern Norway has a complex topography (Jonassen et al., 2012). The major landforms 

include stand flats, plains and low hills, costal cliffs, fjords, low land areas, valleys, mountain 

plateaus/table lands, and high alpine mountains and valleys (Etzemüller et al., 2007, Vorren et 

al., 2008) The following description is based mainly on Figure 2, from Etzemüller et al.(2007). 

 

Figure 2 The ten major landform types in southern Norway (after Etzemüller et al., 2007) 

The west coast is known for steep mountains, valleys, narrow fjords, islands and straits 

(Jonassen et al., 2012). The “Strandflats” landform represents the lowland costal margin, and 

consists of both small and large islands. This landform is particularly well developed along 

the coasts of Møre and Trøndelag (Vorren et al., 2008), and together with “coastal plains” it 

dominates the southern and southwestern coast line and covers about 5% of the total study 

area. “Hills” comprises lowland hills and hilly terrain with more accentuated relief. This 

landform surrounds the mountain areas of central southern Norway and south-eastern Norway. 

Upland hilly terrain and table lands consist of flat highlands at varying elevations. These areas 

seem mostly to have escaped glacial erosion. In total, these areas comprise almost 40% of the 

total study area. “Glacially-scoured low mountains and valleys” describe the transition 

between the central upland mountains and the coast-near lowlands. The class upland 

mountains with moderate slopes summarize the central mountain areas of Norway, between 

highland plateau in the east and the alpine relief in the west. Most of the area included here is 

dominated by moderate slopes. However, large parts of more glacially affected mountain 

areas like eastern and southern Jotunheimen, Rondane, Dovrefjell and Trollheimen are also 

included here.  
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The last two classes include areas with high alpine or glacial relief. This is dominant in the 

westernmost mountain areas. In the east and north large valleys that drained the inland ice are 

over-deepened, showing similar characteristics as the westernmost mountain chains 

(Etzemüller et al., 2007).  The major valleys are either U-shaped or V-shaped. The U-shaped 

valleys are a product of erosion by ice-streams, while the V-shaped valleys are young features, 

formed by downcutting action of rapidly flowing mountain streams at sites of abrupt increase 

in slope gradient. At their heads, the valleys pass into mountain plateaus (Vorren et al., 2008).  

During the Quaternary period, there have been about 40 ice ages and interglacial periods. The 

repeated excavations by the glaciers have formed the landscape in Norway to what it is today. 

Most of the sediments in Norway were formed towards the end of the last ice age. These 

deposits consists of marine sediments, typically clay and gravelly sand, which are 

characteristic for the lowlands, particularly in eastern the eastern and northern part of the 

study area (Vorren et al., 2008, Lyså, 2014). There are also many moraines and eskers 

consisting of gravel and sand, which are found mainly in the northeast sector of the area.  

There are also many other types of deposits, for instance till and silt deposits – which are 

commonly found in the valleys in southern Norway (Vorren et al., 2008).   

The bedrock in the study area is mainly composed of Precambrian basement rocks (e.g. 

granites, gneisses, amphibolites and meta-sediments). In the Oslo Graben Permian volcanic 

rocks occur (Etzemüller et al., 2007).  

 

Figure 3 Bedrock exposition and type of quaternary deposits in southern Norway (after NGU, 2015) 
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The variations in geology, landforms and deposits described here are important conditions 

related to landslide susceptibility, as described by Devoli and Dahl (2014). Susceptibility is 

defined here as: “The likelihood that a landslide will occur in an area on the basis of local 

terrain conditions”. Devoli and Dahl (2014) concludes that certain terrain conditions will 

make an area more prone to landslides (high susceptibility); like the steep mountains on the 

west coast and the valleys in south-eastern Norway (see also Fischer et al., 2012). Fischer et al. 

(2012) also concluded that areas with gneissic rock types are more prone to debris flows than 

areas with granitic rock types.  

 

3.2 Climate and hydrology 

The climatological conditions in Norway show large spatial variations due to the proximity to 

sea and the relief of the country (Tveito and Førland, 1999, Tveito, 2010). In the coastal areas 

the climate is maritime with small variations in diurnal, seasonal and annual temperature 

amplitudes (Tveito and Førland, 1999). The eastern parts of southern Norway experience a 

more continental climate with large temperature amplitudes (Tveito and Førland, 1999).  

 

The low pressure along the polar front results in generally high precipitation in Norway. In 

addition, the precipitation in southern Norway is highly affected by the mountains separating 

the east and the west, which forces the moist air masses coming from west and south west 

upwards. As a result of this orographic effect, areas located 30 – 70 km inland from the coast, 

receives the highest amount of precipitation.  The largest amounts fall in the range 150 - 300 

meters above sea level (masl) (Tollan, 1993). The high mountains separating the western part 

of the study area from the eastern part also represents the main water divide in southern 

Norway (Hole and Bergersen, 1981). The annual precipitation for the last normal period 

(1961-1990) is depicted in Figure 4. The data constituting the map are derived from SeNorge.   
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Figure 4 Annual precipitation in Norway for the last normal period (1961-1990) (Data from SeNorge) 

Today mean annual precipitation in Norway varies between less than 300 mm and more than 

4000 mm (Tveito, 2010),  with the mean annual precipitation for entire Norway being about 

1600 mm (Andreassen et al., 2015). The driest areas are found in the valleys located on the 

lee side of Jotunheimen (Tollan, 1993). Most of the precipitation events are caused by 

extratropical storms from the Atlantic, and several of the most severe events are caused by a 

merge between this air mass and the warm, moist air from sub-tropical or tropical parts of the 

North Atlantic (Roald, 2008). The largest rainfall events occur in late autumn or early winter 

along the west coast, while the heaviest rainfall incidences occur in the second part of the 

summer and autumn in inland basins (Roald, 2008).  

In many areas in Norway, winter precipitation comes as snow. The duration of days with 

snow cover (more than 5 cm) in southern Norway varies from close to zero in coastal areas to 

over 200 days in areas above 800 masl (Skaugen et al., 2012). The temperature highly affects 

which areas receive the most snow during winter. The annual mean temperature over entire 

Norway is approximately 1.0 degrees Celsius (Andreassen et al., 2015). In the western parts, 

mountains and fjords affect the temperature, and hence it varies a lot over small distances. In 

the eastern parts the temperature decreases with the distance to the coast. Norway can be 

divided into six temperature regions (Hanssen-Bauer and Nordli, 1998), with coastal areas in 

the west and south together with the outer part of the Oslo fjord having the highest annual 

temperatures (6-7 °C). The lowest annual temperatures are found in the high mountain areas 

(< -4 °C) (Andreassen et al., 2015).  



24 
 

Annual runoff for Norway is approximately 1100 mm, while evaporation is a little below 500 

mm. There are great variations both in runoff and evaporation between the different parts of 

the country (between 400 – 5000 mm and 50 -500 mm, respectively). The seasonal runoff 

varies from catchment to catchment, depending on location. It is mainly controlled by amount 

of precipitation, snow accumulation and when the snow starts to melt. The coastal areas have 

highest runoff during the autumn and winter, while the eastern part and glacial parts have 

highest runoff during the summer (Andreassen et al., 2015). According to Gottschalk et al. 

(1979) the hydrological regime in Norway can be divided into six categories of either high 

water (H) or low water (L): 

 H1: Dominant snowmelt high water. An area is classified as H1 if the three months 

with the highest average runoff belong to spring or early summer (typically: May-

July). 

 H2: Transition to secondary rain high water. An area is classified as H2 when the 

second or third highest monthly runoff takes place in autumn (typically: October-

November). 

 H3: Dominant rain high water. An area is classified as H3 when the highest monthly 

runoff takes place in autumn or early winter (typically: November-December). 

 L1: Dominant low water flow in winter, caused by snow accumulation. An area is 

classified as L1 when the two months with lowest runoff both belong to winter or 

early spring (typically: February-March). 

 L2: Transition zone, when the two months with the lowest runoff do not belong to the 

same time of the year (typically: February and July). 

 L3: Dominant summer low water caused by high evapotranspiration and/or low 

precipitation when the two months with the lowest runoff belong to summer or early 

autumn (typically: June-August). 

 

Based on this there are five main combinations of regimes that can be distinguished in 

Norway (Gottschalk et al., 1979): 

 H1L1: Inner and north east part of Norway 

 H2L1: Fjord area along the west coast 

 H3L2: Inlands in the eastern part of Norway (Østlandet) 

 H2L3: Parts of Møre and Trøndelag 

 H3L3: Frontier coastal regions 
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4 Data 

 

4.1 The Norwegian landslide database  

The registration of historical and recent landslide events is necessary for making reliable 

hazard and risk evaluations. A systematic registration is especially important for knowing 

what type of landslide is common in certain areas, the potential size of the landslide, how 

often it occurs and the triggering factors. Landslide records are essential for different types of 

analyses, e.g. threshold establishment for different scenarios, the calibration of models in 

warning systems and evaluation of warning performance (Devoli and Wasrud, 2012). 

 

Since the beginning of 2000, there has been a systematic registration of landslides in Norway. 

The Geological Survey of Norway (NGU), the Norwegian Public Road Administration 

(NPRA), the Norwegian Geotechnical Institute (NGI), the Norwegian National Rail 

Administration (JBV) and the Norwegian Water Recourses and Energy Directorate (NVE), 

collaborates to gather information about historical landslide events in a digital format. The 

goal of the landslide database is to establish a complete archive of historical landslide events 

(Devoli and Wasrud, 2012). Until 2013, NGU had the responsibility for presenting the data in 

a common open-access web portal (skednett.no), under the name National Landslide Database 

(NSDB), but since January 2014 NVE has had the responsibility for further development and 

management of the database (Sokalska et al., 2015). The data is accessible through NVE Atlas. 

  

The landslides recorded in the NSDB are given one of the following typologies: Rock fall, 

rock avalanche (of different sizes), debris flow, debris slide or shallow soil slide in artificial 

slopes, snow avalanche, icefall or landslide in clay. In addition some events can be recorded 

as unspecified when the subtype is unknown. The typologies used in this study are debris flow, 

debris slides and debris avalanches, and shallow slides. Unspecified landslides in soil are also 

used, since this group is likely to consist of some of the landslides of interest in this thesis. In 

the first part of the analyses landslides in rock are included as some of them are weather 

related and many landslides registered as this type are in reality weather-induced landslides 

(especially debris flows have been observed to be given the wrong typology). Landslides in 

rock can also be used for comparison reasons, especially if the slides have occurred during the 

same rainfall event. They can also be used to investigate if any regions are more prone to 

these types of landslides. It should be noted that most of the recorded rockfalls are not 

classical rockfalls, but rather single blocks rolling down from cuts (G.Devoli, personal 

communication). However, no control of this was performed here.  

The coordinates representing the landslide events are located where the landslide affects the 

road or railway, or where damage and/or loss of lives occurred. In addition to location, the 

type of landslide, the time and date, the volume and the damage is registered (Sokalska et al., 

2015). After 2013 the public can register incidences in the database through the website 

www.skredregistrering.no (Sokalska et al., 2015). 

http://www.skredregistrering.no/
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4.1.1 Limitations of the database 

Even though the registration of landslides is an ongoing, systematic process, the database is 

neither complete nor definitive. Not all landslide events are registered, and the completeness 

and quality of the data are varying. Data are only available in areas where humans or 

infrastructure are affected, the estimation of volume is often poor or lacking, and the correct 

terminology is not always used, e.g. a debris flow is registered as a rock avalanche (Devoli 

and Wasrud, 2012). Sometimes the date and time is also lacking or the wrong time is 

registered, making it hard to relate the landslide to triggering factors (Sokalska et al., 2015). 

Another limitation is that the coordinates representing the landslide can either be located at 

the triggering spot, in the middle of the slide or at the point of intersection i.e. a road or 

railway (Sokalska et al., 2015). If there is little information available or if many landslides 

have occurred in the same area the location of the triggering area can be especially hard to 

determine (Sokalska et al., 2015). There is also a problem with double registration, and three 

different errors were identified by Sokalska et al. (2015): 1) the same incidence is reported 

twice by the same person/institution, but in two different locations. 2) The same incidence is 

registered twice, by two different people/institutions, but the location and level of detail 

registered is not the same. Usually they are also registered under different typology. 3) 

Incidences registered by different people, located in the same spot, but registered under 

different typology. There is no record of the occurrence of such multiple registrations. Even 

though Sokalska et al. (2015) evaluated the registration of clay slides, the same errors likely 

apply to the landslides of interest herein (G.Devoli, personal communication).  

4.1.2 Extraction of landslide data from the database 

The data was provided by NVE, and a version of the database was downloaded in the 

beginning of February 2015. This version contains more than 47000 landslides. Snow 

avalanches and clay slides were excluded, together with all landslides in rock and weather-

induced landslides before 1957. This was done because the hydrometrological data used dates 

back to this year. The data series selected includes events until the 31
st
 of December 2014. All 

slides where the time of occurrence is highly uncertain were removed, and only slides where 

the certainty is 1 day or higher were kept in the final dataset, together with the events where 

the time of occurrence is unknown. For some of the events the time of occurrence is not 

registered. This usually applies to landslides prior to 1993. However, these events are also 

included in the final dataset, as the removal of these would lead to less data for the statistical 

analyses. The dataset was checked and double registrations were removed. The final dataset 

consists of 20 436 weather-induced landslides and landslides in rock from 1957 until 31
st
 of 

December 2014.  

The final dataset includes many different attributes tied to each landslide event. However, in 

this thesis only the date, the coordinates and whether the event is classified as landslide in 

rock or weather-induced landslide are of concern.  All other attributes were therefore removed.  

4.2 Regionalization of landslides 

Considering the wide variations in meteorological, topographical and geological conditions 

over southern Norway, the following regionalizations were considered as a basis for statistical 

analyses:  
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 Climatic regions as defined by Dyrrdal et. al (2012) (Figure 5). 

 Landslide domains proposed by Devoli and Dahl (2014) (Figure 6).  

The regionalization proposed by Dyrrdal et.al (2012) is based on precipitation regimes, and 

southern Norway is divided into 15 climate zones. The division of these climate zones is 

based on long-term trends and decadal-scale variability of monthly precipitation, in addition 

to height above sea level (masl) and temperature regions (Hanssen-Bauer and Førland, 1998, 

Hanssen-Bauer and Nordli, 1998, Dyrrdal et al., 2012).  

 

 

Figure 5 Precipitation regions (- - -), further divided according to temperature regions (▬) and elevation above 1000 

masl (∙∙∙) (from Dyrrdal et al., 2012) 

The regionalization proposed by Devoli and Dahl (2014) suggested a geomorphologic-

meteorological zonation of Norway to be used in investigations related to weather-induced 

landslides and early warning. They weighted the different conditioning factors related to 

landslide occurrence, like density of historical landslide data, orographic, hydrological, 

geological and climatic criterions, using a heuristic approach, and proposed four different 

regionalizations (R1, R2, R3 and R4). In Figure 6 two of the four regionalizations (R3 and R4) 

are shown. R1 and R2 are too general for the purpose of this study, and therefore not 

presented. The regionalization R4 is proposed to be used because it better represents the 

eastern part of southern Norway. This part of the country has a geomorphological complexity 
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that should be taken into account when analyzing weather-induced landslide events, since 

most of the events occur within these valley slopes.  

The regionalization from Dyrrdal et al. (2012) (Figure 5) was the initial choice, and was 

therefore used in the analyses of the historical landslides presented in section 6.1.1. However, 

when performing the spatial classification of the weather-induced landslides this 

regionalization method provided poor results. This initiated the introduction of the second 

regionalization (Figure 6).  

 

Figure 6 Regionalizations R3 and R4 proposed by Devoli and Dahl (2014). 
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4.3 Precipitation data 

The precipitation data used in this thesis is downloaded from SeNorge2, as a gridded dataset 

that originally spans over all of Norway. The grid is created using daily, interpolated values of 

observed daily point measurements and has a resolution of 1 x 1 kilometer.  A script created 

by Wai Kwok Wong (NVE) allows the data to be extracted on a regional level. Based on this 

script, different statistics were calculated for each region. The statistics included: 

 Daily mean precipitation 

 Daily mean rainfall and snowmelt (separate and combined, for temperatures above 

zero degrees). The combined statistic is herein abbreviated RS  

 Three-day accumulated values for all of the above mentioned 

 95- percentile of the spatially distributed daily rainfall and snowmelt  

The 3-day accumulated values are created by adding the values from the two previous days to 

the value of the day in question. The 95-percentile of the spatial distribution shows how the 

precipitation is distributed within a given region. It is a measure of the spatial dispersion in 

the data for each region, and means that in 95% of the area of a given region, the RS is below 

this value. This percentile will reveal if there are sub-areas with higher RS than the average. 

4.4 Landslide thresholds 

The thresholds used for landslide early warning purposes in Norway is called hydro-

meteorological index (hydmet index) (Boje et al., 2014). It is a combination of relative water 

supply and the relative soil saturation. Relative water supply is the sum of rain and snowmelt 

in percent of yearly mean precipitation for the period 1981 – 2010 (at a given date), while 

relative soil saturation is the sum of water in the soil- and groundwater part of the HBV-

model normalized by the maximum simulated values for the same period. This index is 

available as a map on www.xgeo.no. It is updated three to four times a day (when prognoses 

are received from the Meteorological Institute), and shows the spatial distribution of critical 

hydrometrological values associated with the increased hazard for weather-induced landslides 

(Boje et al., 2014). Another version of this index includes simulated frozen ground (telefrost) 

as a stabilizing factor. When the upper 40 cm of the ground is frozen, the index is set to the 

lowest level, regardless of the values of the other variables. Both indices are a part of the early 

warning system at NVE (Boje et al., 2014).  

 

In this thesis the hydmet-index without “telefrost” is used in the logistic models for predicting 

weather-induced landslides, as this is the index the operators of the early warning system have 

most experience with. The index is calculated by the following equation: 

 

 ℎ𝑦𝑑met-index=K(relative water supply)*F(relative water supply)+ 

K(relative soil saturation)*F(relative soil saturation) 
 

(1) 

where K and F , respectively, are constants and factors related to the amount of relative water 

supply and the relative soil saturation. They are determined by visual inspection of Figure 7 

(Boje et al., 2014). Table 2 depicts the relationship between the different ranges of relative 

water supply and relative soil saturation and the size of the constants and factors. 

http://www.xgeo.no/
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Table 2 Constants (K) and factors (F) used in the calculation of the hydmet-index for the different values 

of relative water supply and the relative soil saturation (after Boje et al, 2014) 

Relative 

water supply 

K F Relative soil 

saturation 

K F 

None 0.61 0.00 < 60% 0.39 0.00 

< 2% ” 0.15 60 – 70% ” 0.20 

2 - 4% ” 0.44 70 – 80% ” 0.56 

4 – 6% ” 0.70 80 – 90% ” 0.70 

>6% ” 1.00 >90% ” 1.00 

 

After the hydrometeorological index is calculated, it is combined with the increasing landslide 

hazard levels. The relationship between the two, along with the definition of the levels, is 

found in Table 3.  

Table 3 The partitioning of the hydmet-index into levels of landslide hazard and the definition of the 

landslide hazard levels (after Boje et al., 2014) 

Landslide hazard levels Minimum Maximum Definition 

1 0.00 0.44 Generally safe 

conditions 

2 0.44 0.66 Some activity 

expected. A few large 

events might occur 

3 0.66 0.83 Multiple large and 

small slides are 

expected 

4 0.83 1.00 Many large slides are 

expected 

 

 

In Figure 7  a graphical display of the hydmet-index is shown. The variables used today, 

which are displayed in xgeo.no, are normalized for the reference period 1981-2010 (Boje et 

al., 2014). Note that the variables in Figure 7 are for a different time period, as the plot was 

originally created for a preliminary study focusing on the thresholds for landslides on a 

national level in 2009 (Boje et al., 2014). In this thesis, the values of the hydmet-index are 

derived from SeNorge2 in the same way as the precipitation data in section 4.3. The time 

series shows the percentage of a given region that has been assigned the green, yellow, orange 

and/or red levels of warning on a given date.  

 



31 
 

 

Figure 7 Thresholds used in the early warning of landslides in Norway (after Boje et al., 2014).  

4.5 Precipitation patterns 

The precipitation patterns are classified using Self-Organizing maps (provided by Sølvi 

Amland, a former master student at the University of Oslo (2014)). The time series has values 

from 1
st
 of January 1971 until 31

st
 of December 2011. It was chosen because it is shown to 

well distinguish the precipitation in Norway (Amland, 2014). 

SOM is an artificial, neural way of representing multi-dimensional dataset in an easy, two-

dimensional way (Lin and Chen, 2006). The algorithm makes no assumptions about the 

distribution of the data, and can handle large datasets (Wehrens and Buydens, 2007).  

The SOM consists of an input layer and an output layer, and is trained using an unsupervised 

competitive learning algorithm which is a process of self-organization. The input layer is an 

array of information (here, a time series of precipitation) consisting of M neurons (here, 

precipitation patterns) (Lin and Chen, 2006). It can be denoted by: 

 

 𝑋 = 𝑇[𝑥1, 𝑥2, … , 𝑥𝑀] 
 

(2) 

 

The output layer consists of the output neurons Uj, j = 1,2,..,N, and must be defined 

beforehand. A reference array (weight vector) connects the input layer neuron to the output 

layer neuron (Lin and Chen, 2006). The weight vector of each neuron has the same dimension 

as the input pattern, and can be written as: 

 𝑊𝑗 = [𝑤1𝑗, 𝑤2𝑗, … , 𝑤𝑀𝑗]𝑇 ,     𝑗 = 1,2, … , 𝑁 

 

(3) 
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Initially, all the weights are assigned small random numbers. The SOM algorithm then 

measure the distance between the input vector X and the weight vector Wj of each neuron Uj, 

(here, using the Euclidean distance (section 5.3.1)), and the output neuron with the weight 

vector closest to the input vector is the winner. The weights of the winning neuron are then 

adjusted in the direction of the input vector. Neighbouring neurons in the output layer are 

more similar than other neurons (Lin and Chen, 2006). 

Amland (2014) defined a grid of 16 neurons, where each of the neurons represents a 

precipitation pattern. Each neuron was weighted and coupled with each of the 178 

precipitation gauging stations used in the study. All the days with measurements at each 

gauging station are presented for each neuron 500 times. The days that were not allocated to 

any of the neurons was put into a separate group, resulting in a total of 17 precipitation pattern 

classes. In Figure 8 the average rainfall and snowmelt in each region (here, using the landslide 

domains R3a, section 4.2) is distributed among each of the precipitation pattern classes.  

 

Figure 8 The average rainfall and snowmelt (mm) in each region distributed among the precipitation pattern classes 
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It is clear that certain precipitation classes have higher average rainfall and snowmelt values 

than others. It can also be seen that some precipitation classes gives higher rainfall and 

snowmelt on the west coast and in the northern parts (e.g. P5 and P12), whereas others give 

higher values in the eastern and southern part (e.g P10 and P11). P15 and P17 are the classes 

which yields the lowest amount of rainfall and snowmelt.  

 

4.6 Weather types 

The daily synoptic weather types are classified according to the SynopVis Grosswetterlagen 

(SVG). This is a new objective-automatic classification of the Hess and Brezowzky 

Grosswetterlagen (GWL), which consists of 29 classes and has been classified manually for 

many years at the German Weather Service (Fleig et al., 2015). The SVG system is an 

updated time series based on an improved method of the Objective Grosswetterlagen (OGWL) 

(Fleig et al., 2015); which was created by James (2007).  

SVG is based on four variables:  

 Mean sea-level pressure (MSLP)  

 The 500 hPa geopotential height (Z500)  

 The relative thickness of the lower troposphere (Z500 – Z1000)  

 The total column precipitable water (PWAT) fields.  

It covers the entire European region with its inner domain centred around the north-western 

part of Central- Europe (James, 2007). 

Paul James (Deutcher Wetterdienst (DWD)) provided the complete SVG dataset from 1871 

until the summer of 2015. A description of how the data are derived is found in Fleig et al. 

(2015). In Table 4 the 29 SVGs are presented, together with ten Grosswettertypen (GWT), 

which represents the more general, combined synoptic types based only on flow direction 

(Werner and Gerstengarbe, 2010). 
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Table 4 The 29 Grosswetterlagen (GWL) with original German and translated English definition (after James, 2007), 

in addition to 10 Grosswettertypen (GWT) 

GWL/SVG Original definition (German) Translated definition (English) GWT   

01 WA Westlage, antizyklonal Anticyclonic Westerly W West   

02 WZ Westlage, zyklonal 
Cyclonic Westerly 

 
   

03 WS Südliche Westlage South-Shifted Westerly    

04 WW Winkelförmige Westlage Maritime Westerly (Block E. Europe)    

05 SWA Südwestlage, antizyklonal Anticyclonic South-Westerly SW Southwest   

06 SWZ Südwestlage, zyklonal 
Cyclonic South-Westerly 

 
   

07 NWA Nordwestlage, antizyklonal Anticyclonic North-Westerly NW Northwest   

08 NWZ 
Nordwestlage, zyklonal 

 

Cyclonic North-Westerly 

 
   

09 HM Hoch Mitteleuropa 
High over Central Europe 

 

HME Central European 

high 
  

10 BM 
Hochdruckbrücke (Rücken) 

Mitteleuropa 

Zonal Ridge across Central Europe 

 
   

11 TM Tief Mitteleuropa Low (Cut-Off) over Central Europe 
TME Central European  

low 
  

12 NA Nordlage, antizyklonal 
Anticyclonic Northerly 

 
N North   

13 NZ Nordlage, zyklonal 
Cyclonic Northerly 

 
   

14 HNA 
Hoch Nordmeer-Island, 

antizyklonal 

Icelandic High, Ridge C. Europe 

 
   

15 HNZ Hoch Nordmeer-Island, zyklonal 
Icelandic High, Trough C. Europe 

 
   

16 HB Hoch Britische Inseln High over the British Isles    

17 TRM Trog Mitteleuropa 
Trough over Central Europe 

 
   

18 NEA Nordostlage, antizyklonal 
Anticyclonic North-Easterly 

 
NE Northeast   

19 NEZ Nordostlage, zyklonal 
Cyclonic North-Easterly 

 
   

20 HFA Hoch Fennoskandien, antizyklonal 
Scandinavian High, Ridge C. Europe 

 
E East   

21 HFZ Hoch Fennoskandien, zyklonal 

Scandinavian High, Trough C. 

Europe 

 

   

22 HNFA 
Hoch Nordmeer-Fennoskandien, 

antizykl. 

High Scandinavia-Iceland, Ridge C. 

Europe 

 

   

23 HNFZ 
Hoch Nordmeer-Fennoskandien, 

zyklonal 

High Scandinavia-Iceland, Trough C. 

Europe 

 

   

24 SEA Südostlage, antizyklonal 
Anticyclonic South-Easterly 

 
SE Southeast   

25 SEZ Südostlage, zyklonal Cyclonic South-Easterly    

26 SA Südlage, antizyklonal Anticyclonic Southerly S South   

27 SZ Südlage, zyklonal Cyclonic Southerly    

28 TB Tief Britische Inseln 
Low over the British Isles 

 
   

29 TRW Trog Westeuropa Trough over Western Europe    
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5 Methods 

 

A detailed work flow of the study is presented in Figure 9. Here, the methods and analyses 

presented in the following are connected to the data presented in chapter 4, and also to the 

main result (chapter 6, section 6.4). 

 

Figure 9 Detailed work flow of study 

 

5.1 Exploratory analyses of landslides 

In order to get an overview of the dataset all landslide events were analyzed as one group, to 

obtain a spatial and temporal distribution. Subsequently, the study area was divided into 

regions. The climatic regionalization from Dyrrdal et al. (2012) (section  4.2) were used to 

analyze the spatial and temporal patterns of landslides on a more detailed level. In the initial 

analyses all landslides were treated as one variable. Then the landslides were separated into 

weather-induced landslides and landslides in rock. Landslides in rock were used to see if any 

regions are more affected by this type of landslides compared to weather-induced landslides.  

The annual amount of landslides in southern Norway was calculated for the period 1957-2014, 

in order to reveal any patterns or trends. Then the weather-induced landslides were 

distinguished from the landslides in rock, and the monthly number of slides each year was 

calculated. For further analysis the annual number of weather-induced landslides was created 

for the period 2000-2014. This was done in order to investigate if certain years stand out. In 

order to highlight any seasonal variations in landslide occurrence, the average number of 
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weather-induced landslides for each month was calculated, in total 12 values. Based on this 

the distribution of the monthly variations was found. 

The next step in the exploratory analysis was to investigate possible spatial patterns of 

weather-induced landslides. This was achieved by calculating landslide statistics for each 

climatic region (Figure 5). The annual number of landslides and average number of landslides 

per months was calculated. In addition landslide events were detected, and they were 

characterized by their start date, duration (days) and total number of slides. Consecutive days 

with two or more landslides were defined as one event. 

 

5.2 Modification of the regionalizations R3 and R4  

As mentioned in section 4.2,  two regionalizations (Figure 6) proposed by Devoli and Dahl 

(2014) were considered to be used for statistical analyses in this thesis. Regionalization 3 (R3) 

was disregarded from the beginning, based on studies performed by Cepeda et al. (2012) and 

Cepeda (2013). Both these studies uses precipitation and R3 as a base map for statistical 

analyses of triggering of weather-induced landslides. The studies revealed bad statistical 

results in South-Eastern Norway in terms of how well threshold models performed in 

discriminating between triggering and non-triggering of landslide events. The poor results 

were assumed to be related to there being few landslide events in the inventory, or that the 

critical durations for the triggering of events were not adequately represented by the durations 

of the predictor variables (daily and 3-day accumulations). Later, observations revealed that 

the poor statistical results were partly obtained due to poor inventory, but also related to the 

fact that the complex geomorphology of the area is not well represented in R3. 

Regionalization 4 (R4) on the other hand, is extremely detailed in South-Eastern Norway. 

This gives a level of details which is not required when analyzing weather-induced landslides 

and the links to synoptic weather types, and R4 was thereby disregarded as well (G. Devoli, 

personal communication).  

 

Based on this it was decided to investigate if a preliminary regionalization R3a (never 

published in the final document from Devoli and Dahl, 2014) could be suited for the analyses 

in this thesis. R3a is proposed as an intermediate between R3 and R4, and is presented in 

Figure 10. Here, the south-eastern part of Norway is divided into four sub regions, 

highlighting the glacially scoured valleys that cross NW-SE in the South-Eastern part of 

Norway. Most of the weather-induced landslide events in this area occur within these valley 

slopes, and this class is necessary to depict the full geomorphological complexity in the area 

(Devoli and Dahl, 2014).  
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Figure 10 Detail of the regionalization R3a for southern Norway (initially proposed, but never published in Devoli et 

al (2014)) 

In the concluding remarks, Devoli and Dahl (2014) emphasized that the results were 

preliminary and that they could need updating or eventually replacement when more detailed 

data became available. In the years after 2014, daily observations of rainfall patterns and 

better knowledge of geology and topography, together with observations of the spatial 

distribution of landslides, indicated that the western region (Region 3, Figure 10) should be 

further divided, whereas some parts of Region 1d could be more general. A revision of R3a 

was therefore performed for this thesis, and a new modified R3a was proposed, as seen in 

Figure 11. 
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Figure 11 A modified version of regionalization R3a (unpublished work by Devoli (2016) for use in this study) 

The limits of the regions were redefined (especially for the western part of Norway) using the 

same methodology as in Devoli and Dahl (2014). In this proposal region 3 is divided into four 

sub regions, making region 3a and 3b more similar to region 2a and 2b. For the south-eastern 

part of Norway only the main valleys are delineated, because these valleys are the steepest. 

The boarder between the regions was redefined manually using watershed boundaries.  



39 
 

5.3 Classification of weather-induced landslides 

In the field of statistics the term classification covers a group of statistical methods or 

techniques describing the differences between two or more classes (clusters) of elements in a 

data set (Boje et al., 2014). Cluster analysis is an important tool for unsupervised learning – 

the problem of finding groups in data without the help of a response variable (Tibshirani et al., 

2001). Here, the desired result is to spatially cluster the days on a regional scale according to 

how many weather-induced landslides have occurred each day. The aim is to test if the 

different regions belong to different clusters, and can be used to verify the regions presented 

by Devoli and Dahl (2014) (section 5.2, Figure 11). In the next section the method used for 

classifying the weather-induced landslides is presented. 

5.3.1 Partitioning Around Medoids (PAM)  

The cluster analysis procedure called Partitioning Around Medoids (PAM) uses a partitioning 

method to cluster variables (Kaufman and Rousseeuw, 1990). A partitioning method 

constructs k clusters, where each cluster must contain at least one object and each object must 

belong to exactly one cluster. The value of k is chosen by the user. Some values of k will give 

“artificial” clusters, so the algorithm should be run many times with different k’s, and the one 

that looks best for a certain characteristic should be selected. This decision can be made in an 

automatic way by for instance using a for-loop in R, and let the computer test different values 

of k. The aim of the partitioning method in this case is to uncover a structure present in the 

data, and to group events that are close to each other in time into clusters, while differencing 

the clusters as well as possible (Kaufman and Rousseeuw, 1990).  

In order to obtain k clusters, PAM selects k representative objects in the data set. The 

corresponding clusters are then found by assigning each remaining object to the nearest 

representative object (Kaufman and Rousseeuw, 1990). The representative object is chosen so 

that the average distance/dissimilarity to the other objects in the same cluster is minimized. 

Such an optimal representative object is called the medoid of its cluster (Kaufman and 

Rousseeuw, 1990). The algorithm starts from an initial set of medoids and iteratively replaces 

one of the medoids by one of the non-medoids if it improves the total distance of the resulting 

cluster (Han et al., 2009).  This method for partitioning around medoids is called the k-medoid 

technique. This resembles the well-known k-means algorithm, which attempts to minimize the 

average squared distance. The k-medoid method is however, more robust with respect to 

outliers, and deals with both interval-scaled measurements and general dissimilarity 

coefficients, and is therefore chosen for assessing the weather-induced landslide data in this 

thesis (Kaufman and Rousseeuw, 1990).  

The PAM program allows a detailed analysis of the partition by providing clustering 

characteristics and a graphical display (a silhouette plot). Each cluster is represented by one 

silhouette, showing which objects lay well within the cluster and which objects holds 

intermediate positions. The entire clustering is displayed by plotting all silhouettes into a 

single diagram, so that the quality of the clusters can be compared. Silhouettes are constructed 

by defining the value s(i) for each object i. In order to define s(i), first denote by A the cluster 

to which i has been assigned (which has to contain other objects apart from i) and then 

calculate: 
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 𝑎(𝑖)= average dissimilarity of i to all other objects of A 

 

(4) 

 

Then define:  

 𝑑(𝑖, 𝐶) = average dissimilarity of I to all objects of C 

 

(5) 

 

where C is any cluster different from A. After computing 𝑑(𝑖, 𝐶) for all clusters C ≠A, the 

smallest 𝑑(𝑖, 𝐶) is selected: 

 𝑏(𝑖) = min
𝐶≠𝐴

𝑑(𝑖, 𝐶) = 𝑑(𝑖, 𝐵) 

 

(6) 

 

where B is the cluster for which the minimum is attained, i.e. the neighbor of object i. If 

cluster A is discarded, cluster B is closest to i. 

The number s(i) is obtained by combining a(i) and b(i): 

 

 
𝑠(𝑖) =  

𝑏(𝑖) − 𝑎(𝑖)

max{𝑎(𝑖), 𝑏(𝑖)}
             − 1  ≤ 𝑠(𝑖) ≤ 1 

 

(7) 

   

If the value s(i) is close to one, the object i is considered well classified, whereas an s(i) close 

to zero means that the object i lies intermediate between two clusters, and a value close to -1 

means that the object is badly classified.  The average of the s(i) for all objects i in a cluster is 

called the average silhouette width of that cluster. The average of the s(i) for i = 1,2,3,…,n is 

called the average silhouette width for the entire data set. When R is used to search for the 

best k, the average silhouette widths for the entire dataset using different k’s can be plotted in 

one diagram, and the k with the highest silhouette width is chosen (Kaufman and Rousseeuw, 

1990). The disadvantage with the average silhouette method is that it measures the global 

cluster characteristics only.  

The input data used are a matrix containing the dates, which represent the objects, and number 

of weather-induced landslides, which corresponds to variables. The commando for running it 

is: 

 Result <- pam(x, k, diss=F, metric = "euclidean", stand = T) 

 

(8) 

Where x is the data frame containing the weather-induced landslide data and k is the number 

of clusters. Stand is logical true (T) or false (F). T implies that the data will be standardized 

before calculating the dissimilarities. The measurements are standardized for each variable by 

subtracting the variable’s mean value and dividing by the variable’s mean absolute deviation 

(Kaufman and Rousseeuw, 1990). There are multiple choices for standardization methods 



41 
 

which all will yield different results. In this thesis several methods where tested, but the 

conclusion was that the default method described above gave the best results in terms of 

average silhouette width.  

 

Metric chooses if the distance measurements between the medoids and the remaining clusters 

should be calculated using Euclidean or Manhattan distance. The Euclidean distance between 

to objects i and j is given by: 

 
𝑑(𝑖, 𝑗) =  √(𝑥𝑖1 − 𝑥𝑗1)2 + (𝑥𝑖2 − 𝑥𝑗2)2+. … + (𝑥𝑖𝑝 − 𝑥𝑗𝑝)2 

 

(9) 

While the Manhattan distance corresponds to: 

 

 𝑑(𝑖, 𝑗) = |𝑥𝑖1 − 𝑥𝑗1| + 𝑥𝑖2 − 𝑥𝑗2|+. … + 𝑥𝑖𝑝 − 𝑥𝑗𝑝| 

 

(10) 

 

The Euclidean distance is the most common, and was therefore chosen here.  

 

5.4 Links between weather types, precipitation and weather-induced landslides 

 

5.4.1 Kruskal-Wallis test 

The Kruskal-Wallis test was developed by Kruskal and Wallis (1952). Using the Kruskal-

Wallis test it can be decided if the population distributions are identical, i.e. there is no 

significant difference between them (this is the null hypothesis) (Yau, 2009). It is a 

nonparametric (distribution free) test, and is therefore used when the data analyzed does not 

have a normal distribution. It investigates if the independent variable (here, 29 weather types) 

show a statistically significant difference in grouping the dependent variable (here, weather-

induced landslides), i.e. if the weather-induced landslides are evenly distributed among the 

weather types or not. A collection of data samples are independent if they come from 

unrelated populations and the samples do not affect each other. In this thesis three tests are 

preformed using Kruskal-Wallis. The weather type classes (SVGs) are considered the 

independent variable with 29 groups in both tests. For test number one, the days with weather-

induced landslides are the dependent variable. The null hypothesis is: “Days with weather-

induced landslides are evenly distributed between the SVGs”. For test number two, the 

percentage of days with weather-induced landslides is the dependent variable, and the null 

hypothesis is: “The percent of days with weather-induced landslides are evenly distributed 

among the SVGs”. In the final test the average number of slides per day is the dependent 

variable, and the null hypothesis is: “The average number of slides per day is evenly 

distributed among the SVGs”. 

Before the test is carried out, the data has to be converted to factors, i.e. ranked. In this thesis 

this is not necessary as the SVGs already are ranked numbers. Then the distribution in each 

group of the independent variable needs to be checked. This is important in terms of 

interpreting the results correctly. If the distributions have the same shape, i.e. variability 
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(which is what the test assumes) the Kruskal-Wallis test is used to compare the medians of the 

dependent variable. If the distributions have different variabilities, the Kruskal-Wallis test can 

only be used to compare mean ranks. This can result in the rejection of the null hypothesis 

even though the medians are equal (McDonald, 2014b). 

The Kruskal-Wallis test statistics, H, is given by the following formula: 

 

𝐻 =  
12

𝑁(𝑁 + 1)
∑ (

𝑅𝑗
2

𝑛𝑗
) − 3(𝑁 + 1)

𝑘

𝑗=1

 

 

 

(11) 

where N is the total sample size, k is the total number of groups, Rj is the sum of the ranks for 

group j and nj is the sample size for group j (DeCoster, 2006). 

H is approximately chi-square ( 𝜒2  ) distributed, with k-1 degrees of freedom 

(StatisticsSolutions, 2016). The 𝜒2  distribution is an asymmetric distribution that has a 

minimum value of zero and no maximum value.  The curve reaches a peak to the right of zero, 

and then gradually deciles in height, the larger the  𝜒2 value is. The 𝜒2 distribution is different 

for each degree of freedom, with the mean of the distribution being the degrees of freedom. 

Figure 12 shows the shape of the distribution. The 𝜒2 value is found on the x-axis, whereas 

the y-axis displays the probability for each 𝜒2 value. The shaded area represents the level of 

significance (Gingrich, 2004). The level of significance is the probability of rejecting the null 

hypothesis when it is true (Frost, 2015). 

 

Figure 12 The chi-square distribution (from Gingrich (2004)) 

If the calculated value of the Kruskal-Wallis test is less than the critical chi-square value, the 

null hypothesis cannot be rejected. If the calculated value is greater than the critical chi-
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square distribution, the null hypothesis can be rejected (StatisticsSolutions, 2016), which for 

test number one, means that the number of days with weather-induced landslides are not 

evenly distributed between the SVGs. In this thesis a 0.05 significance level is chosen as the 

level at which the null hypothesis is rejected, and the degrees of freedom are 28, since there 

are 29 groups in the independent variable. This results in a critical chi-square value of 41.337 

(can be found in any chi-table, e.g. Gingrich (2004)). The p-value is often reported as output 

together with the critical-chi square value, and is more commonly used as a means of 

assessing the null hypothesis. P-values are the probability of obtaining an effect at least as 

extreme as the one in the sample data, assuming the truth of the null hypothesis. If the p-value 

is less than or equal to the significance level (i.e. significant) the null hypothesis is rejected 

(Frost, 2015). The test statistic cannot identify which specific groups in the independent 

variable are significantly different from each other; it only says that at least two groups are 

different.  

5.4.2 Pearson’s Chi-square test 

The Pearson Chi-square test (usually just called the Chi-square test) is perhaps the most 

common nonparametric analysis (McDonald, 2014a). Different types of this test exist – the 

chi-square goodness of fit and the chi-square test for independence of two variables. The 

goodness of fit test examines only one variable, while the test of independence looks at the 

relationship between two variables (Gingrich, 2004). In this thesis the latter is used to 

determine whether the classifications of the synoptic weather types, precipitation patterns and 

weather-induced landslides are independent of one another, or whether there is a relationship 

between them. The null hypothesis of the chi square test of independence is that there is no 

relationship between the two variables, i.e. the variables are independent (Gingrich, 2004). It 

is rejected at a certain 𝜒2 value, which can be found by determining a significance level and 

using a chi-table (as in section 5.4.1). Here, the level of significance is chosen to be 0.05 

which means that if the p-value is 0.05 or less, the null hypothesis can be rejected and the 

variables are dependent.  

All the classes which the data have been divided into are used in the test (Gingrich, 2004). 

Here, this means that all the weather type classes, precipitation classes and weather-induced 

landslide classes are used. The days the different classes have occurred are referred to as the 

observed number of cases.   

 The chi-square test statistics is defined as: 

 where Oi is the observed number of cases in class i, and Ei is the expected number of cases in 

class i (Gingrich, 2004).  

The expected frequencies (Ei), i.e. the expected cases for each cell, are calculated under the 

null hypothesis of no relationship, and is obtained from the multiplication rule of probability 

for independent events (Gingrich, 2004). To perform this calculation the chi-square of 

 
𝜒2 = ∑

(𝑂𝑖 − 𝐸𝑖)
2

𝐸𝑖
𝑖

 

 

 

(12) 
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independence test uses contingency tables and degrees of freedom (McDonald, 2014a). The 

contingency table counts how many of the SVGs occur at the same time as the precipitation 

classes, and by that shows the manner in which the two variables are (or are not) related to 

each other. Then the chi-square test statistic is used to examine if the observed relationship 

between the variables in the table is statistically significant (Gingrich, 2004). The test is 

performed on the SVGs and precipitation patterns, the weather-induced landslides and 

precipitation patterns, and also on weather-induced landslides and SVGs.   

 

5.5 Construction of prediction models 

In this study logistic regression is used to model the occurrence versus non-occurrence of 

weather-induced landslides. This method is chosen based on the fact that logistic regression is 

one of the most frequently chosen approaches to spatial modelling of landslides (Heckmann et 

al., 2014). 

 

5.5.1 Simple logistic regression - Generalized linear models 

Logistic regression, also called a logit model, is used to model binary response (outcome) 

variables (UCLA, 2016a). When a binary response variable is modeled using logistic 

regression, the logit transformation of the response is modeled as a linear combination of the 

predictor variables. The log transformation is used to get around the difficulty of modeling 

probability, which has a restricted range between 0 and 1, by mapping it as a log odds ranging 

from negative infinity to positive infinity (UCLA, 2016a). The log odds, also called logit 

(hence the name of the model) is denoted: 

  

𝐿 = ln (
𝑝

1 − 𝑝
) 

 

 

(13) 

 

where p is the probability of an event occurring, and p-1 is the probability of the event not 

occurring (Tufte, 2000).  

There are many choices of transformations that can be used, but the log transformation is one 

of the easiest to interpret (UCLA, 2016a). In this thesis the objective is to find the variables 

that influence the occurrence of weather-induced landslides. Hence, the response variable is 

the weather-induced landslides. The response variable is converted to binary form. Here this 

means that “no slide” = 0 and “slide” = 1. The model used in logistic regression can be 

formulated as: 

 
𝐿 = ln (

𝑝

1 − 𝑝
) = 𝑏0 + 𝑏1𝑥1 + ⋯ 𝑏𝑛𝑥𝑛 + 𝑒 

 

(14) 

Where 𝑏0 is the coefficient for the intercept, i.e. the logit when all the predictor variables are 

zero; 𝑥1 − 𝑥𝑛 represents the predictor variables; 𝑏1 − 𝑏𝑛 are the estimated coefficients for the 

predictor variables, which shows how much the logit changes when one predictor variable 

increases by one unit and the other are kept constant. Lastly, e represents the error (Tufte, 

2000).  
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Given the model specified above, a maximum likelihood function is formulated. The goal of 

the calculation is to identify the predictor estimates that maximize this function. In other 

words the calculation identifies the estimates that most likely lead to the observed weather-

induced landslide values (0 and 1) by adapting an equation to best fit the data set at hand. Due 

to the mathematical complexity this model can only be solved using a numerical method 

(Tufte, 2000). 

In this thesis a generalized linear model (glm) package in R is used to perform the simple 

logistic regression, i.e. fitting single models to each of the predictor variables, using the 

formula: 

 𝑙𝑜𝑔𝑖𝑡 < −𝑔𝑙𝑚(𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 ~ 𝑣𝑎𝑟𝑖𝑜𝑢𝑠 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 𝑣𝑎𝑟𝑎𝑖𝑏𝑙𝑒𝑠, 𝑑𝑎𝑡𝑎
= 𝑚𝑦𝑑𝑎𝑡𝑎, 𝑓𝑎𝑚𝑖𝑙𝑦 = binomial) 

 

(15) 

where the prediction variables are the synoptic weather types (section 4.6), the precipitation 

data (section 4.3) and the hydro-meteorological index (section 4.4). A binominal family 

indicates that the error distribution is expected to take a binomial shape. After the fitting 

procedure glm returns a range of indicators, including the maximum likelihood of the model, 

together with the associated estimates of the predictors (Calcagno and Mazancourt, 2010).   

5.5.2 Odds Ratio, predicted probabilities and confidence intervals 

Here, the odds ratios (OR) can be interpreted as for one unit (e.g. mm) increase in one of the 

predictor variables the odds of a weather-induced landslide versus no weather-induced 

landslide increases (or decreases) by a factor given by the odds ratio (UCLA, 2016a). Since it 

is a measure of relationship, the OR of the intercept cannot be calculated. The OR is 

calculated by taking the anti-logarithm of the estimated coefficients (the log odds, section 

5.5.1) for the predictor variables. The odds of a predictor variable when it has a certain value, 

divided by the odds when the predictor variable is one unit lower give the OR: 

 

 

𝜃 =

𝑝1
1 − 𝑝1

⁄

𝑝0
1 − 𝑝0

⁄
 

 

(16) 

 

where 𝜃 represents the OR and  𝑝0 and 𝑝1 are the probabilities of the response variable having 

the value one, for the two values of the predictor variable (Tufte, 2000).  

The OR can never take a negative number; it varies from 0 to infinity. An OR greater than one 

means that the odds increases with a higher value of the predictor variable, whereas an OR 

less than one means the odds decreases the higher the value of the predictor variable. If the 

OR is equal to one there is no relationship between the odds and the predictor variable, i.e. an 

increase in a given predictor variable does not affect the odds of a weather-induced landslide 

occurring (Tufte, 2000).  

The 95% confidence interval (CI) is used to estimate the uncertainty of the OR. A wide CI 

indicates high uncertainty in the calculated OR, whereas a narrow CI indicates that the choice 

of OR is more certain. Unlike the p-value (section 5.4.1), the 95% CI does not report 

statistical significance. However, it is often used as a proxy for the presence of statistical 



46 
 

significance if it does not span the null value (i.e. OR=1). The formulas for calculating CIs are 

denoted (Szumilas, 2010): 

 
𝑈𝑝𝑝𝑒𝑟 95% 𝐶𝐼 = 𝑒

[ln(𝑂𝑅)+1.96√
1

𝑝1
+

1
1−𝑝1

+
1

𝑝0
+

1
1−𝑝0

]
 

(17) 

 
𝐿𝑜𝑤𝑒𝑟 95% 𝐶𝐼 = 𝑒

[ln(𝑂𝑅)−1.96√
1

𝑝1
+

1
1−𝑝1

+
1

𝑝0
+

1
1−𝑝0

]
 

(18) 

    

The OR is perhaps more intuitive than the log odds, as the need to think logarithmically 

disappears when converting it to odds. Predicted probabilities can also be used to help 

understand the model. The predicted probabilities can be calculated for given combinations of 

values of the predictor variables using the formula (Tufte, 2000): 

 
𝑝 =

1

1 + 𝑒−(𝑏0+𝑏1𝑥1+⋯𝑏𝑛𝑥𝑛+𝑒)
 

 

(19) 

 

In this thesis the predicted probability stands for the probability of a weather-induced 

landslide occurring due to a given predictor variable.  

5.5.3 Multiple logistic regression -automated model selection  

Multiple logistic regression is based on the same procedure and formulas as the simple 

logistic regression in section 5.5.1, but includes more than one predictor variable. It usually 

involves a stepwise model selection, which can be performed in two different ways (Calcagno 

and Mazancourt, 2010):  

 All predictor variables are introduced in the beginning, and the non- or least-

significant variables are removed one at a time, until the model left only includes 

variables that gives a significant contribution to the model. This is often called 

“backward simplification” approach.  

 The opposite is a “forward selection” approach – where the starting point is the 

simplest model and the most significant variables are added sequentially, until adding 

a variable does not improve the model.   

Performing one of these procedures is quite tedious when there are many predictors, and the 

procedures are not based on an explicit criterion of what is the best model (Burnham and 

Anderson, 2004). The procedures are dependent on the starting point and backwards and 

forward approaches are not generally expected to converge to the same model (Calcagno and 

Mazancourt, 2010).  

To automate the process, an R implemented package called glmulti was used for the model 

selection in this study. It is essentially a wrapper for glm (Equation 15), and generates all 

possible model formulas, fits them with glm, and returns the best model based on some 

information criterion (here, the Akaike information criterion is used, ref. section 5.5.4). From 

this object, the best model can be selected directly, a confidence set of models can be built 

and model-averaged parameter estimates or predictors can be produced. To be more specific 

the output of the glmulti is the weighted averages of the model coefficients across the various 
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models (with weights equal to the model probabilities). These values are called 

“unconditional” as they are not conditional on any model (Calcagno and Mazancourt, 2010). 

The estimates of the unconditional variance of the model averaged values are also a part of 

the output. The variance estimates take two sources of uncertainty into account: (1) 

uncertainty within a given model, i.e. the standard error of a particular model coefficient, and 

(2) the uncertainty with respect to which model is actually the best approximation to reality, 

i.e. how much the size of a model coefficient varies across the set of candidate models 

(Calcagno and Mazancourt, 2010). For a detailed derivation of the weights and unconditional 

variance, see Burnham and Anderson (2004). Using weighted model-averages will generally 

always yield better results (in terms of the information criterion) than using only the best 

model (Burnham and Anderson, 2004). Due to this, a weighted average of the models that are 

two units away from the best information criterion was here chosen to represent the model. 

The “two unit cut-off” was chosen because models with AIC within two points of each other 

can be interpreted as equally good. 

5.5.4 Model selection – the Akaike information criterion (AIC)  

When fitting a model to a data set, increasing the number of predictor variables will increase 

the explanatory power (i.e. the maximum likelihood) of the model. However, this increased 

model fit comes at the cost increased model complexity (Mundry, 2010). Information 

criterions offer a compromise between the model fit and the model complexity. Instead of 

testing a null hypothesis, they compare several competing models, and searches for the ones 

that are best in the sense of trading-off bias versus variance of the fitted model parameters 

(Burnham et al., 2010, Mundry, 2010). This involves being able to compare the fit of the 

different candidate models with the different numbers of predictor variables, by penalizing the 

likelihood for the number of predictor variables (Mundry, 2010).  

The Akaike Information criterion (AIC) is the most widely used in doing so. AIC equals twice 

the negative natural logarithm of the likelihood associated with the model, plus twice the 

number of the estimated prediction parameters (Mundry, 2010), and is denoted: 

 

 𝐴𝐼𝐶 =  −2 log (ℒ(Ɵ̂|𝑦)) + 2𝐾 (20) 

 

 

  

 where ℒ(Ɵ̂|𝑦) is the maximum likelihood associated with the model, and K is the number of 

estimated prediction parameters (Burnham and Anderson, 2002). For a more detailed 

derivation of the AIC see Burnham and Anderson (2002, 2004).  

The AIC is taken as a measure of relative support for a certain model, where a smaller AIC 

indicates a “better model” (Burnham and Anderson, 2002, Mundry, 2010). Here, the AIC is 

used as a measure of the relative quality of the models created in section 5.5.3. A major 

advantage of this approach is that it allows accounting for uncertainty in decisions about a 

certain model being the best among the candidate models. There is no need to choose the 

“best” model and reject all others (i.e. it does not assume that there is a “true” model in the 
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data set). Instead the relative support of the models can be compared using weights (ref. 

section 5.5.3) (Mundry, 2010).  

 

5.5.5 Model performance  

The model performance can be tested using the Area Under the Receiver Operating 

Characteristic curve (AUC ROC). The AUC is a single scalar value representing the expected 

performance of a prediction model (Fawcett, 2006). To arrive at the AUC, the receiver 

operating characteristic (ROC) curve needs to be constructed. Here, consider a binary 

classification (0, 1), where 0 represents days with no weather-induced landslides and 1 

represents days with weather-induced landslides. Formally, each instance is mapped to one 

element of the set {n, p} of negative and positive class labels, where 0 is considered negative 

and 1 positive. A classifier is a mapping from instances to predicted classes (Fawcett, 2006). 

Given a classifier and an instance, there can be four types of outcome (Fawcett, 2006):  

The instance is negative and is classified as negative, i.e. no weather-induced landslide is 

predicted when it should not be predicted. This is called a true negative (TN). 

The instance is positive, but is classified as negative, i.e. no weather-induced landslide is 

predicted when a weather-induced landslide should be predicted. This is called a false 

negative (FN).  

The instance is negative, but is classified as positive, i.e. a weather-induced landslide is 

predicted when no landslide should be predicted. This is called a false positive (FP). 

The instance is positive and is classified as positive, i.e. a weather-induced landslide is 

predicted when it should be predicted. This is called a true positive (TP). 

Given a classifier and a set of instances, the ROC curve is constructed by using a contingency 

table to count the different types of outcomes. The contingency table is used to calculate a 

true positive rate (TPR) and a false positive rate (FPR) (Fawcett, 2006). The TPR can be 

addressed as the hit rate, and corresponds to the proportion of days with weather-induced 

landslide occurrence that is correctly considered by the model as being days with slide events, 

with respect to all days with slide events. In other words, the higher TPR, the more days with 

weather-induced landslides are correctly predicted. The FPR, also called fall-out, corresponds 

to the days with no weather-induced landslides that are mistakenly considered by the model to 

be days with slide events, with respect to all days with no slide events. This means that the 

higher FPR, the more days with no slide events will be wrongfully predicted as days with 

weather-induced landslide occurrence. The TPR and FPR is then computed for all possible 

thresholds and combined into a plot where the TPR is on the y-axis and the FPR is on the x-

axis (Fawcett, 2006). The resulting curve is the ROC curve, which is the interpolated curve 

made of data points whose coordinates are functions of the thresholds (Vogler, 2015):  

 

  𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 𝜃 ∈ [0,1] (21) 

   

  

𝑅𝑂𝐶𝑥(𝜃) = 𝐹𝑃𝑅(𝜃) =
𝐹𝑃(𝜃)

𝐹𝑃(𝜃) + 𝑇𝑁(𝜃)
=

𝐹𝑃(𝜃)

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑎𝑦𝑠 𝑤𝑖𝑡ℎ 𝑛𝑜 𝑠𝑙𝑖𝑑𝑒𝑠
 

 

(22) 
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𝑅𝑂𝐶𝑦(𝜃) = 𝑇𝑃𝑅(𝜃) =

𝑇𝑃(𝜃)

𝐹𝑁(𝜃) + 𝑇𝑃(𝜃)
=

𝐹𝑃(𝜃)

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑎𝑦𝑠 𝑤𝑖𝑡ℎ 𝑠𝑙𝑖𝑑𝑒𝑠
 

(23) 

 

The metric of model performance is the area under this curve, abbreviated AUC. The AUC of 

a classifier is equivalent to the probability that a classifier will rank a randomly chosen 

positive instance higher than a randomly chosen negative instance.  An AUC=1 represents a 

perfect classification, whereas an AUC =0.5 means that the classifier is completely random, 

e.g. the classifier can be expected to get half the positives and half the negatives correct when 

it guesses the positive class half the time (Fawcett, 2006).    
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6 Results 

6.1 Exploratory analyses of landslides 

The first step in the analyses was to gather and systemize landslide data, in order to study 

their spatial and temporal distribution within the study area. A total of 20 436 weather-

induced landslides and landslides in rock were used for this purpose. In particular, 14 212 

landslides in rock and 2886 weather-induced landslides that occurred from 2000-2014 were 

used in the present analyses after a quality control. Yearly calendar plots were made for the 

total number of landslides, weather-induced landslides and landslides in rock. This was done 

to visualize which exact dates these types of landslides have occurred in the past, and thereby 

possibly can be expected to occur in the future. The calendar plots for weather-induced 

landslides from 2000-2014 can be found in Appendix I. By looking at the scales of the 

calendar plots it can be seen that there are three years that have a higher weather-induced 

landslide occurrence (2005, 2011 and 2013), which is mostly due to one particular day. In 

2005 and 2013, it was the 14
th

 and 15
th

 of November, respectively, who had a very high slide 

activity, whereas it in 2011 was the 26
th

 of December. The majority of days have no weather-

induced landslides, and on the dates with landslide occurrence, there have mostly been 

between one and ten slides. 

Figure 13 shows the annual and the cumulative number of landslides for the entire period 

(1957-2014). 

 

Figure 13 Annual and cumulative number of landslides for the period 1957-2014 
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It can be observed that there is a dramatic increase in landslides from the 1990s and onwards 

(marked with vertical line). This can likely be related to an increase of registrations to the 

database or to an increase in landslide occurrence. Based on the results in Figure 13 it was 

decided to further investigate the period 2000-2014, because these years have a higher 

weather-induced landslide activity and/or a more homogenous registration of landslides. As 

mentioned in section 4.1 landslides in rock are included for different reasons; however 

weather-induced landslides are the primary target of investigation. The annual number of 

weather-induced landslides for the period 2000- 2014, together with the cumulative number of 

weather-induced landslides is therefore shown in Figure 14.  

 

Figure 14 Annual and cumulative number of weather-induced landslides for the period 2000-2014 

From Figure 14 it can be seen that 2011 is a year with especially high weather-induced 

landslide activity. The years 2000, 2005 and 2013 are also characterized by many weather-

induced landslides, whereas during 2002 and 2009 only a small amount of weather-induced 

landslides are recorded. To understand which months of these years contribute to the statistics 

found in Figure 14, and thus perhaps being able to identify the meteorological events that 

caused the activity (or non-activity), the number of weather-induced landslides per month for 

each year are visualized in Figure 15. Figure 15 is divided into three sub-figures, each 

describing five years of weather-induced landslide occurrence per month. 
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Figure 15 Weather-induced landslides per month for each year in the period 2000-2014. The top figure displays the 

years 2000-2004, the middle 2005-2009 and the bottom 2010-2014 

In the top figure (Figure 15) it can be observed that in the period 2000-2004 November has a 

particularly high weather-induced landslide occurrence. The plot in the middle shows that for 

the period 2005-2009, November also has high weather-induced landslide occurrence, 

especially in 2005. In 2005, September is also a month with high activity. The bottom figure 

indicates that for the period 2010-2014 the months May, November and December has the 

highest weather-induced landslide occurrence. It is indicated that December 2011 is the month 

with the highest number of weather-induced landslides in the fifteen years investigated, and 

greatly contributes to why 2011 is the year with the most events (Figure 15). In 2013, May 

and November contributes to 2013 being a year with high occurrence of weather-induced 

landslides.  
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By combining all the years in Figure 15, a monthly accumulation for the entire period is 

created as shown in Figure 16. The figure shows how many weather-induced landslides have 

occurred (and been recorded) for the different months in the period.  

 

Figure 16 Monthly accumulation of weather-induced landslides for the period 2000-2014 

 

Figure 16 clearly states that November is the month with highest weather-induced landslide 

activity, with more than 500 slides. A high number of slides are also recorded in December 

(more than 300). However, comparing the latter to Figure 15, it becomes clear that the total 

number of slides in December is mainly related to the slides recorded in 2013 (> 150 recorded 

events). On the other hand, February, June and July have few recorded slides compared to the 

rest of the year.  
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An annual distribution of the monthly data for the weather-induced landslides is found in 

Figure 17. The black line in each box represents the median (middle value) for that month, 

and 50 % of the data is greater than this value. If the upper box is larger than the lower box, 

the occurrence of landslides has a positive skewness, indicating that the years with high slide 

occurrence have a higher variation in number of slides than the years with low slide 

occurrence. In Figure 17, there is only 15 data points in each month, so the outliers (the dots) 

cannot really be treated as outliers, but has to be included in the data. This means that all the 

months seen in Figure 17 has a positive skewness. 

 

Figure 17 Annual monthly distribution of weather-induced landslides for the period 2000-2014 
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6.1.1 Climatic regions and landslide distribution 

In the following, the landslide data is analyzed spatially and temporally on a regional scale. 

For the analyses the climatic regions described in section 4.2 (Dyrrdal et al., 2012) were used. 

In Figure 18 the amount of weather-induced landslides for each region is depicted, together 

with the amount of landslides in rock, for the period 2000-2014.  The first thing to notice is 

that there is a lot more landslides in rock than there are weather-induced landslides. However, 

rockfall is included in landslides in rock, which perhaps influences the results (section 4.1). In 

the following only weather-induced landslides will be discussed. In Figure 18, Region 1 and 

Region 7.1 stand out as having very few events, whereas Region 2.1, 6.1 and 6.2 have the 

largest number of events.   

 

 

Figure 18 Annual number of landslides in rock and weather-induced landslides within the regions for the period 2000-

2014 
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The spatial and temporal distribution is presented in Figure 19 and 20. Figure 19 shows the 

spatial distribution of weather-induced landslides for each month. It can be observed that 

during a year there are slides in just about all regions. During the months from October 

through March most of the weather-induced landslides occur in the western part of the 

country (with some exceptions). For the remaining months, the occurrence of weather-

induced landslides seems to be more evenly distributed over the study area.  

 

Figure 19 Monthly spatial distribution of weather-induced landslides (each dot represents a weather-induced 

landslide) 
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Figure 20 shows the seasonal distribution of weather-induced landslides per month for each 

region.  For the regions in the western and north western part of the study area (Region 6.1, 

6.2, 8.1 and 8.2) and in Region 1, most of the weather-induced landslides occur during the 

period September - April, and only some events occur during the summer. For the south and 

south western part (Region 3, 4, 5.1 and 5.2) and Region 9 the majority of the weather-

induced landslides occur between January and August. The eastern part (Region 2.1, 2.2, 7.1 

and 7.2) has highest weather-induced landslide activity during the spring and summer (March-

August). In Region 10.1 the landslides occur somewhat evenly throughout the year. 

 

Figure 20 Seasonal distribution of weather-induced landslides per region 
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In Figure 21 the monthly data are presented as bar charts. Here it can be observed that on a 

monthly scale, there are few events in each region (especially in Region 1 and Region 7.1). 

This corresponds well with the results shown in Figure 18, which also shows that these 

regions have few years with weather-induced landslides.  

 

 

Figure 21 Number of weather-induced landslides per month for each climatic region over the period 2000-2014. 

The number of consecutive days where there has been recorded weather-induced landslides 

(herein referred to as an event) within each region can be found in Appendix II. Two or more 

slides must have been recorded in one day for the day to be included in an event. This results 

in Region 1 not being included, as there in this region are no days with more than one 

weather-induced landslide. Region 2.1 has the longest duration of an event for the fifteen 

years in question, with an event that lasted seven days with a total of 47 weather-induced 

landslides. According to Appendix II, the region with the largest number of landslides for a 

single-day event is Region 6.1 (~100 slides). This day is included in the longest lasting event 

in this region (three days, starting on the 26
th

 of December 2011) which has a total of 112 

weather-induced landslides. The second largest single day event is found in Region 6.2. The 

14
th

 of November 2005 there were 45 slides here. 
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6.2 Classification of weather-induced landslides 

In this section the results from the spatial classification of weather-induced landslides (ref. 

section 5.3.1) is presented. The Partitioning Around Medoids (PAM) method was applied on 

the modified regionalization R3a (ref. section 5.2), to create clusters of the weather-induced 

landslides, which can perhaps verify the regionalization R3a.   

The output of the pam algorithm (Figure 22) shows that dividing the slide data into three 

classes results in the highest average silhouette width, whereas two classes give the second 

highest. However, for this study it was decided that such low number of classes is not enough 

to reveal any spatial pattern. This was, however, not tested. On the other hand, 21 or more 

classes were considered too many classes for the purpose of this study. The choice thereby 

became 7 classes, which is considered to be enough (and not too many) classes to perform the 

cluster analysis on, and yields a silhouette width higher than the surrounding number of 

classes.  

 

Figure 22 Total average silhouette width as a function of number of clusters (PAM) 

The total average silhouette width for the seven classes is 0.881 (Figure 22), and the average 

silhouette width for each of the seven clusters is shown in Table 5. 

 
Table 5 The average silhouette width for the seven cluster solution 

 

Cluster 1 2 3 4 5 6 7 

Average silhouette width 0.893 0.616 0.298 0.997 0.306 0.960 0.805 
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From the cluster analysis the medoids for each class can be found. They represent the optimal 

representative object for each cluster, and are chosen so that the average distance/dissimilarity 

to the other objects in the same cluster is minimized. In Table 6 they are show for each cluster, 

together with the corresponding slide data for each region; indicating if there has been slide 

occurrence or not that particular day. Details related to the PAM cluster analysis can be found 

in Table 7. Here, the size of the class, the maximum dissimilarity, the average dissimilarity 

and the diameter of each cluster, in addition to the separation between one cluster and the 

other clusters is presented. If the cluster separation, which determine how well a cluster is 

separated from the other clusters, is much larger than the average dissimilarity within the 

cluster, there is little doubt the right cluster has been found. If there is a small difference 

between the two, this indicates that the data constituting the cluster could actually belong to 

one of the other clusters (i.e. the uncertainty increases as the difference decreases) (Kaufman 

and Rousseeuw, 1990).  

 
Table 6 The medoids of each cluster and the corresponding slide data for each region (slide or no slide) 

Cluster Medoid Reg1a Reg 

1b 

Reg 

1c 

Reg 

1d 

Reg 

2a 

Reg 

2b 

Reg 

3a 

Reg 

3b 

Reg 

3c 

Reg 

3d 

Reg 

4a 

Reg 

4b 

1 31.12. 

2014 

0 0 0 0 0 0 0 0 0 0 0 0 

2 08.09. 

2014 

0 0 0 0 1 0 0 0 0 0 0 0 

3 23.06. 

2014 

0 0 0 0 0 0 0 0 0 0 0 1 

4 25.05. 

2014 

0 0 1 0 0 0 0 0 0 0 0 0 

5 10.11. 

2008 

0 0 0 0 0 1 0 0 0 0 0 0 

6 30.12. 

2012 

0 0 0 0 0 0 0 0 1 0 0 0 

7 22.08. 

2013 

0 0 0 0 0 0 0 0 0 1 0 0 

 

Table 7 Information about each cluster selected from the output of the PAM cluster analysis 

 Size Maximum 

dissimilarity 

Average 

dissimilarity 

Diameter Separation 

Cluster 1 5292 612 2.60 704 26.4 

Cluster 2 71 62.9 9.66 75.8 31.2 

Cluster 3 66 132 19.0 140 26.4 

Cluster 4 8 4.22 0.530 4.22 343 

Cluster 5 13 436 94.2 463 145 

Cluster 6 8 47.8 7.29 48.2 343 

Cluster 7 21 131 15.9 131 120 

 

All the clusters in Table 7 have a separation that is larger than the average dissimilarity. 

However, the certainty of the weather-induced landslides being correctly clustered is varying. 

Cluster 4 has a large difference between separation and average dissimilarity, which indicates 

that this cluster consists of weather-induced landslides that should not belong to another 
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cluster.  Cluster 3 has the lowest difference, indicating that the data constituting this cluster 

could in reality belong to one of the other clusters.  

In Figure 23 the clusters are mapped for each region to see their spatial distribution. The map 

was created by assigning the days where there is a weather-induced landslide (in each of the 

regions) to the corresponding cluster assigned to that specific day. They thereby correspond 

well to the numbers presented in Table 6. For some of the regions it becomes clear that they 

belong to one specific cluster as demonstrated for Region 1c, 2b, 3c and 3d. In addition, 

almost all the weather-induced landslides in Region 2a and 4b belong to two separate clusters. 

In the rest of the regions the weather-induced landslides are evenly distributed among the 

clusters.  

   

                                  Figure 23 Spatial distribution of the clusters per region 
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The explained variance, which assesses how well the clusters are able to explain the daily 

variance (R
2
) of weather-induced landslides within the regions, is shown in Table 8. 

Table 8 Explained daily variance (R2) of weather-induced landslides within the regions (based on the clusters of slides) 

Region reg1a reg1b reg1c reg1d reg2a reg2b reg3a reg3b reg3c reg3d reg4a reg4b 

R
2
 -0,01 -0,01 1 0 0,8 0,7 -0,01 -0,01 1 0,9 -0,01 0,6 

 

Bold numbers are regions where the daily variance of the weather-induced landslide data is 

well explained. One thing to notice is that although all the slide data in Region 2b is clustered 

in one class, whereas the data in Region 2a is not, Region 2a has a higher explained variance.  

6.3 Links between weather types, precipitation and weather-induced landslides 

In this section the occurrence of the weather types (SVGs) are compared against the weather-

induced landslide data and precipitation data (section 4.3) for each of the regions.   

6.3.1 Weather types and weather-induced landslide data  

The number of days the different SVGs occurred in the period 2000 to 2014 (ref. section 4.6, 

Table 4, for definitions of the weather types) is plotted in Figure 24. The figure shows that 

SVG 6 (cyclonic south-westerly (SWZ))  is the most frequent weather type and has occurred 

over 300 days, whereas SVG 25 (cyclonic south-easterly (SEZ))  is the least frequent weather 

type and has occurred less than one hundred days during the period in question. However, no 

particular SVG seems to occur a lot more frequently than others do.  

 

Figure 24 The total number of days the different SVGs occurred in the period 2000-2015. The SVGs that have 

occurred most/least frequent are highlighted 
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The next step was to investigate how often the SVGs coincide with a weather-induced 

landslide. The percent of days with weather-induced landslide occurrence for each weather 

type is thereby plotted in Figure 25. Here, the difference between the weather types is much 

more apparent than in Figure 24. SVG 5 (Anticyclonic South-Westerly (SWA)) and SVG 16 

(High over the British Isles (HB)) coincided with weather-induced landslides in over 30% of 

the days they occurred. On the other hand only 5% of the days when SVG 18 (Anticyclonic 

North-Easterly (NEA)) occurred, corresponds to days with weather-induced landslides. The 

line in Figure 25 represents the total percent of days with weather-induced landslides (19.7%), 

regardless of what weather type occurred that day. It can be seen that eleven of the weather 

type classes have a higher than average percentage of days with slides.  

 

Figure 25 The percent days that each SVG coincides with a weather-induced landslide. The line (▬) represents the 

total percent of days with weather-induced landslides, and the SVGs with highest and lowest % are highlighted 

6.3.2 Weather types and weather-induced landslide data on a regional scale 

The links between SVGs and weather-induced landslide occurrence is further investigated on 

a regional scale using the regionalization R3a. First it is investigated how many days the 

SVGs coincide with weather-induced landslides. Then, the percentage of days the SVGs 

coincide with a slide are investigated, before the average number of slides per SVG is looked 

at. In the last part of the chapter the Kruskal-Wallis test (section 5.4.1) is used to investigate 

how well the weather-type classification distinguishes the weather-induced landslides into 

certain SVGs. In the following analyses only days with at least one slide event is used (1081 

days in total).  
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The number of days each SVG coincide with a slide event in the different regions is presented 

in Figure 26. Region 3c (denoted light purple) clearly has the highest number of days with 

weather-induced landslides, and they occur for all weather types.  However, SVG 1 and SVG 

5 stand out as having coincided with more slide events than the other weather types. In 

Region 1a (denoted light blue) the largest number of days coincides with SVG 29 (Trough 

over Western Europe (TRW)). Region 1c (denoted light green) and 2b (denoted red) are the 

two regions where fewest days are related to weather-induced landslides, and thereby they 

only coincide with a small number of the SVGs (five and ten, respectively). In the rest of the 

regions slides have occurred for (almost) all SVGs.  

 

Figure 26 The number of days that a given weather type (SVG) (1-29) coincide with at least one weather-induced 

landslide. Each region is plotted with a separate colour 
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In Figure 27 the percent of days with weather-induced landslides for each region is presented. 

The results differ slightly from the ones presented in Figure 25, since some of the days have 

slides in more than one region. However, the same weather types still have the largest and 

smallest percentage of days with weather-induced landslide occurrence. The pattern between 

the regions in Figure 27 is similar to the pattern in Figure 26, and the weather type which has 

the largest number of days with slides (SVG 5) also has the largest percent of days with slides 

(~45 %  for the regions combined).  

 

Figure 27 The percent of days that a given weather type (SVG) (1-29) coincide with a weather-induced landslide. Each 

region is plotted with a separate colour 
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In Figure 28 the average number of weather-induced slides per day for each SVG is presented. 

Region 3c (denoted light purple) generally has the highest average number of slides per day; 

with SVG 1 (Anticyclonic Westerly (WA)) corresponding with the highest average number of 

slides (approximately 5 slides per day). SVG 5, which in Figure 26 showed the highest 

number of days with slide events, corresponds with around two slides per day in Region 3c. In 

Region 1a (light blue) SVG 28 (Low over the British Isles (TB)) coincides with the highest 

number of slides per day (approximately 1.5). It can also be seen that SVG 11 and SVG 17 

corresponds with approximately two slides per day in Region 1d (denoted green). This is an 

interesting result, as the number of days where these weather types coincide with a slide in 

Region 1d is quite low.  

 

Figure 28 The average number of weather-induced slides per day for a given weather type (SVG) (1-29). Each region 

is plotted with a separate colour 
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In Table 9, Table 10 and Table 11 the results from the Kruskal-Wallis test is presented. Here, 

it is investigated how the number of days with weather-induced landslides (Figure 26) is 

distributed among the SVGs and also how the percentage of days with slide occurrence 

(Figure 27) and the average number of slides per day (Figure 28) is distributed among the 

SVGs. This was done in order to see how well the weather types are able to distinguish the 

weather-induced landslides into separate classes.   

 
Table 9 Results from the Kruskal-Wallis test showing whether or not the number of days with weather-induced slides 

is significantly different between the SVGs. The p-values marked with * are significant 

 

Region chi-squared df p-value 

reg1a 109 28 1.81E-11* 

reg1b 58.1 28 7.16E-04* 

reg1c 54.3 28 2.08E-03* 

reg1d 79.9 28 6.88E-07* 

reg2a 35.1 28 1.68E-01 

reg2b 32.6 28 2.53E-01 

reg3a 40.7 28 5.68E-02 

reg3b 22.7 28 7.50E-01 

reg3c 153 28 3.34E-19* 

reg3d 61.2 28 2.84E-04* 

reg4a 89.4 28 2.44E-08* 

reg4b 63.5 28 1.41E-04* 

 

Table 10 Results from the Kruskal-Wallis test showing whether or not the percentage of days with weather-induced 

landslides is significantly different between the SVGs. The p-values marked with * are significant 

Region chi-squared df p-value 

reg1a 118 28 5.55E-13* 

reg1b 61.4 28 2.72E-04* 

reg1c 54.5 28 1.97E-03* 

reg1d 83.0 28 2.35E-07* 

reg2a 34.3 28 1.91E-01 

reg2b 32.7 28 2.49E-01 

reg3a 41.2 28 5.14E-02 

reg3b 22.7 28 7.49E-01 

reg3c 179 28 7.04E-24* 

reg3d 64.7 28 1.00E-04* 

reg4a 95.1 28 3.13E-09* 

reg4b 65.4 28 8.03E-05* 
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Table 11 Results from the Kruskal-Wallis test showing whether or not the average number of weather-induced slides 

is significantly different between the SVGs. The p-values marked with * are significant 

Region chi-squared df p-value 

reg1a 116 28 9.66E-13* 

reg1b 62.1 28 2.19E-04* 

reg1c 54.3 28 2.04E-03* 

reg1d 81.7 28 3.70E-07* 

reg2a 35.2 28 1.64E-01 

reg2b 32.7 28 2.46E-01 

reg3a 41.2 28 5.17E-02 

reg3b 22.7 28 7.50E-01 

reg3c 141 28 3.85E-17* 

reg3d 63.7 28 1.34E-04* 

reg4a 92.0 28 9.73E-09* 

reg4b 65.8 28 7.03E-05* 

 

In Table 9, 10 and 11, the p-values marked with a star (*) are significant. This means that the 

null hypotheses described in section 5.4.1 are rejected, and that the occurrence of weather-

induced landslides, represented by the number of days with weather-induced landslides, the 

percent of days with slides and the average number of slides per day, is significantly different 

between the SVGs. The same four regions do not have a significant p-value for all three tests– 

Region 2a, 2b, 3a and 3b; so for these regions the null hypotheses cannot be rejected. 

However, this does not mean that the number of days with weather-induced landslides and the 

average number of slides per day are evenly distributed between the SVGs, just that it cannot 

be said with certainty that they are not evenly distributed.  

6.3.3 Weather types, precipitation patterns and weather-induced landslide patterns 

In the following, the relationship between SVGs and the precipitation patterns from section 

4.5 are investigated. Both of these are then tested for independence against the weather-

induced landslide classes (clusters) presented in section 6.2. Only days where there has been 

at least one slide in one of the regions are included, as it became apparent that this would 

yield better results compared to using all days. This is because the numerous days with no 

slides highly affect the data. Here, the results are derived using the time period 2000-2011, as 

this is as far as the precipitation classes have data. This resulted in there being in total 808 

days analysed.  

The Chi-test statistics (section 5.4.2) was used to examine if the observed relationship 

between the variables are statistically significant. The independence is tested at a 0.05 

significance level. In Table 12 the results of the test can be found. Here, the p-value is less 

than 0.05 for the weather types and the precipitation classes, in addition to the precipitation 

patterns and the spatial weather-induced landslide classes. Hence, the variables are dependent 

of each other. However, for the weather types and the spatial weather-induced landslide 

classes the null hypothesis cannot be rejected, which means it cannot be concluded that they 

are not independent of each other.  
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Table 12 Test of independency between weather types (SVG), precipitation classes (P) and weather-induced landslides 

(Cluster). The p-values marked with * are significant and indicate a relationship 

 X-squared df p-value 

SVG vs P 1330 448 <2.20E-16* 

P vs Cluster 239.0 96 3.08E-14* 

SVG vs Cluster 186.5 168 1.56E-01 

 

6.4 Prediction models 

In this chapter a general linear model (glm) was used to select parameters that can be 

considered to have predictive power in terms of weather-induced landslide occurrence. First 

the precipitation data were examined separately from the SVGs. Thereafter the variables were 

combined together with the hydmet-index to create models which consist of the best 

combination of variables for predicting weather-induced landslides in a given region.  

 

6.4.1 Simple logistic regression 

Different precipitation data were tested as a predictor variable: The distributed 95- percentile 

rainfall and snowmelt, the mean daily rainfall, 3-day accumulated rainfall, 3-day accumulated 

rainfall and snowmelt, and the combined mean daily rainfall and snowmelt (RS). Using a 

significance level of 0.05 the different precipitation data was evaluated based on their 

significance in terms of slide occurrence in each region. The RS yielded best results, and was 

therefore chosen as the predictor variable for the binary weather-induced landslide data. The 

results from the glm analysis of these data can be found in Table 13. The estimated coefficient 

for the intercept is the log odds of a weather-induced landslide when there is no rainfall or 

snowmelt.  

Table 13 The result of the generalized linear model run, using the mean daily rainfall and snowmelt (RS) as a 

predictor variable for weather-induced landslides 

Reg Estimate std.error z-value p-value Significant Estimate Intercept Significant 

1a -9.18E-04 1.33E-03 -6.91E-01 4.86E-01 No -3.24 Yes 

1b 4.06E-03 7.39E-04 5.49E+00 3.88E-08 Yes -4.29 Yes 

1c 4.71E-03 5.66E-03 8.33E-01 4.05E-01 No -6.67 Yes 

1d 1.47E-02 1.44E-03 1.02E+01 <2.00E-16 Yes -4.89 Yes 

2a 4.97E-03 2.30E-03 2.42E+00 1.54E-02 Yes -4.41 Yes 

2b 7.02E-03 1.32E-03 5.30E+00 1.14E-07 Yes -6.71 Yes 

3a 2.85E-03 4.22E-03 6.74E-01 5.00E-01 No -5.92 Yes 

3b -3.26E-02 2.87E-02 -1.14E00 2.56E-01 No -7.37 Yes 

3c 3.51E-03 2.34E-04 1.50E+01 <2.00E-16 Yes -2.59 Yes 

3d 2.81E-03 6.07E-04 4.62E+00 3.78E-06 Yes -3.98 Yes 

4a 6.11E-03 7.18E-04 8.51E+00 <2.00E-16 Yes -4.13 Yes 

4b 1.05E-03 1.08E-03 9.72E-01 3.31E-01 No -4.46 Yes 

 

The RS is a significant predictor for weather-induced landslide occurrence in seven of the 

twelve regions. It is not significant in Region 1a or 1c, in addition to Region 3a, 3b and 4b. 

This lack of significance indicates that the RS alone is not a good variable in terms of 

weather-induced landslide prediction in these regions. It can also be seen that the estimate for 

RS has a negative value in Region 1a and 3b, which is an indication that perhaps other 

precipitation data should be used for prediction of slides here. The 3- day accumulated RS 

(section 4.3) was tested for all the regions where the RS proved to be non-significant, but it 
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did not improve the results. The distributed 95-percent rainfall and snowmelt was also tested, 

and yielded improved results (positive estimate and significance) for prediction of slides in 

Region 3b.  

In Figure 29 the predicted probabilities for weather-induced landslide occurrence is plotted as 

a function of increasing RS. The initial value of the rainfall and snowmelt was chosen to be 

20 mm, increasing to 200 mm. It can be seen that the regions where the rainfall and snowmelt 

have a wide CI, corresponds to the regions where the RS is non-significant (ref. Table 13). 

The highest probability of weather-induced landslide occurrence is found in Region 3c and 

the lowest in Region 2b. As expected (ref. Table 13), the RS in Region 1a and 3b have a 

negative relation to probability, i.e. the probability of a weather-induced landslide decreases 

as the precipitation increases. Another way of evaluating the precipitation data as a predictor 

for weather-induced landslides is to calculate the odds ratios (OR) and their confidence 

intervals (CI) (ref. section 5.5.2). The shape of the plots in Figure 29 is related to the OR. An 

OR less than 1 means that for an increase in rain and snowmelt the odds of a weather-induced 

landslide occurring decreases, which is what can be seen for Region 1a and 3b, whereas an 

OR above 1 means the opposite. A wide CI indicates that the value of OR is less certain. As 

mentioned, the CI for the regions that are non-significant in Table 13 is relatively wide 

compared to the other regions, and the CI also spans over the null value OR=1. The latter can 

be an indication of lack of significance in the predictor variable, and corresponds to the results 

presented in Table 13.  



72 
 

 



73 
 

 

Figure 29 The predicted probability (red line) and the CI (grey shade) for weather-induced landslide occurrence in the 

different regions as a function of increasing mean daily rainfall and snowmelt 
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Before the glm was run for the weather types (SVGs), the SVGs were converted to factors. 

This was done because this variable takes on the values 1-29 (29 classes), and rather than 

treating it as a continuous variable it should be interpreted as a categorical variable. The 

predicted probability of each of the SVGs causing weather-induced landslide occurrence are 

depicted in Figure 30. The SVG yielding the highest probability in each region is marked out. 
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Figure 30 Predicted probability of weather-induced landslide occurrence for the different weather types (SVGs). The 

SVG that yields the highest probability is highlighted 
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It can be seen here that Region 3c generally has the highest probability of landslide 

occurrence, with SVG 10 yielding more than a 90% probability of slide occurrence in this 

region. However, Region 1a, 1b, 1d, 3d, 4a and 4b also have one to two weather types that 

have a predicted probability of slide occurrence between 30 – 50 %.  

 

To test the overall effect (significance) of the SVGs on the occurrence of weather-induced 

landslide in the regions, a Wald test was performed, testing if the model with predictors fits 

the data significantly better than a model with just intercept (i.e. a null model) (UCLA, 

2016b). The Wald test uses a Chi-squared test to calculate test statistics (X2), degrees of 

freedom (df) and p-value in the same ways a described in section 5.4.1 and 5.4.2. The results 

can be seen in Table 14. Since SVG is a categorical variable, the effect of the SVGs is relative 

to SVG 1, which is the first level and therefore used as the reference data (which is the default 

in R) (UCLA, 2013). This means that the value of the intercept corresponds to the value of 

SVG 1. 

 
Table 14 The overall significance of the SVGs on the weather-induced landslide data, when comparing the models to 

SVG 1. The models that perform significantly better than the model using only SVG 1 are marked with * 

Reg X2 df p-value 

1a 87.6 28 4.7E-08* 

1b 43.8 28 0.029* 

1c 2.76 28 1.0 

1d 39.3 28 0.078 

2a 20.80 28 0.83 

2b 3.79 28 1.0 

3a 8.50 28 1.0 

3b 1.80 28 1.0 

3c 119 28 4.0E-13* 

3d 42.8 28 0.037* 

4a 56.1 28 0.0013* 

4b 36.0 28 0.14 

 

In five of the regions (marked with (*) in Table 14) the model with weather types as the only 

predictor variable performs better than the null model. Three of the regions originally yielded 

an error message when the Wald test was run (Region 1c, 1d and 2b). This is due to the 

occurrence of collinearity, which means that two or more of the predictor variables are highly 

correlated. This phenomenon can occur when the factors do not contain the same number of 

observations (Clark, 2011), which is the case here ( ref. section 6.3.2). However, this does not 

affect the reliability of the model as a whole; it only affects calculations regarding the 

individual predictors (O’Brien, 2007). Therefore, the error was bypassed by using the option 

of allowing for singular matrixes in R (Fox, 2016).  
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6.4.2 Multiple logistic regression 

The last step was to combine the SVGs and the precipitation data into one prediction model 

using the glmulti method presented in section 5.5.3, which runs through all the possible 

combinations of the glm for each region separate. An additional variable was introduced into 

the model; the hydmet index described in section 4.4. Here the AIC (section 5.5.4) was used 

as a criterion for model performance. The models that are two units away from the best AIC 

were used in calculating the final prediction model, by weighting the model coefficients 

across the various models. The weights are equal to the model probabilities. From the final 

prediction model the significance of the model was calculated and the probability of the 

different SVGs resulting in weather-induced landslide occurrence was predicted. In addition 

the AUC (section 5.5.5) was calculated.  

For each region, the estimates for the predictor variables included in the final prediction 

model, together with the unconditional variance, the total number of weighted models used in 

the final prediction model (i.e. the number of models that are less than or equal to two units 

away from the best AIC), the number of models each predictor variable is included in and the 

importance of each predictor variable was calculated. These results are presented in Appendix 

III, whereas the final prediction models are presented in Table 15. It can be observed that for 

seven of the regions (Region 1a, 1b, 1c, 3c, 3d, 4a and 4b) SVG is included as a predictor 

variable in the model used for predicting weather-induced landslide occurrence. In Region 3c 

all but SVG 10 has negative estimates, indicating that they have a negative effect on weather-

induced landslide occurrence, i.e. if these SVGs occurs, the probability of a weather-induced 

landslide is reduced compared to if SVG 1 occurs (this can also be seen in Figure 30).  For 

Region 1b, 3d, 4a and 4b there are both negative and positive estimates of the SVGs; see 

Appendix III for further details on this. In Region 1c there are six SVGs who have a positive 

effect on weather-induced landslide occurrence; whereas the rest of the SVGs have zero effect 

(i.e. the estimate is zero). The estimates for rain and snowmelt are zero in all but Region 3c 

and 3d.  

The unconditional variance should be as small as possible, as this indicates less uncertainty in 

the estimates (section 5.5.3). For the SVGs the unconditional variance lays between E-04 to 

E-02, hence the estimates chosen by the glmulti can be considered quite certain. The hydmet 

index, especially the red, has the largest unconditional variance, indicating a large uncertainty 

in the chosen estimates.  

In Region 1b, 3d and 4b one or more of the hydmet-index variables Green, Yellow, Orange 

and/or Red had to be removed before running the gmulti due to the occurrence of fitted 

probabilities zero or one, where a fitted probability of zero indicates no match between the 

data and the model, and a fitted probability of one indicates a perfect match. Both of these are 

undesirable results. In Region 2a and 3a the SVG variable yielded this result, and had to be 

removed before running the gmulti. For Region 3b the removal of different variables were 

tested to avoid this result, but the results yielded no improvement. When introducing the 95-

precent distributed rainfall and snowmelt as a predictor variable instead of the daily mean 

rainfall and snowmelt, and also changing the in-dataset to include only days with two or more 

weather-induced landslides as opposed to using days with one or more slides, the problem 
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with fitted probabilities disappeared. The gmulti only proposed one weighted model when 

using this variable and the unconditional variance was thereby not calculated by the procedure. 

In Region 4b, using the mean daily rain and snowmelt gave a negative estimate of this 

variable. It was therefore decided to use 3 day accumulated mean rainfall and snowmelt as a 

predictor variable, instead of the daily, which resulted in the estimate of this variable being 

zero. In Table 15 the final prediction model for the regions are presented. The order of the 

predictor variables is reported in terms of importance from highest to lowest.  

Table 15 The final prediction model for predicting weather-induced landslides. Each variable has to be multiplied 

with the estimates in Appendix III. 1 represents the intercept and RS represents the mean daily rainfall and snowmelt 

Region  Prediction model 

1a 1+ SVG+ RS+Yellow+Orange+Red 

1b 1+SVG+RS+Yellow+Green 

1c 1+SVG +Yellow+Orange +Red+RS 

1d 1+RS+Green+Yellow+Orange 

2a 1+Orange+Green+RS+Yellow 

2b 1+Green+Yellow+Red+RS 

3a 1+Green+RS+Red+Yellow 

3b♦ 1+RS♦ 

3c 1+ SVG+ RS+Yellow+Green+Red 

3d 1+SVG+Yellow+RS 

4a 1+SVG+Yellow+Green+Orange+RS 

4b♦♦ 1+SVG+Yellow+Green+RS♦♦ 

♦ Here the dataset used includes days where two or more slides has occurred, and RS is the 95-precentile 

distributed rainfall and snowmelt ♦♦ Here RS is the 3-day accumulated mean rainfall and snowmelt 

To test the overall significance of the models, i.e. how well the model in each region performs 

compared to a null model, a likelihood ratio test was performed by identifying the difference 

between the deviance of the null model and the model deviance, in addition to the difference 

in degrees of freedom between the two (equal to the number of predictor variables), and 

combining these to find the p-value (UCLA, 2016b). The overall significance is presented in 

Table 16.  

Table 16 The overall significance of the models presented in Table 20, when compared to a model with only intercept. 

The models that perform significantly better than the null model are marked with * 

Region p-value 

1a 6.15E-11* 

1b 2.60E-03* 

1c 5.15E-01 

1d 8.16E-13* 

2a 1.94E-02* 

2b 7.29E-03* 

3a 8.02E-01 

3b♦ 1.03E-03* 

3c 1.79E-23* 

3d 6.72E-05* 

4a 5.17E-09* 

4b♦♦ 1.09E-03* 

 

♦ Here the dataset used includes days where two or more slides has occurred, and RS is the 95-precentile 

distributed rainfall and snowmelt ♦♦ Here RS is the 3-day accumulated mean rainfall and snowmelt 
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From Table 16 it can be seen that Region 1c and 3a are the only regions where the final 

prediction model is not significantly better than the null model.  

In Table 17 the AUC is presented. These results give an indication as to how well the model 

predicts weather-induced landslides in a given region. It can be seen that the prediction model 

for Region 3a gives an AUC close to 0.5. Hence, the occurrence of weather-induced 

landslides in this region is randomly classified into true positives and false positives. For the 

other regions the AUC is around 0.7 (with Region 1d having the highest value), which is 

considered a good classification.    

Table 17 The AUC for the final prediction models, explaining how the models perform in predicting weather-induced 

landslide occurrence. The largest and smallest values are marked in bold 

Region AUC 

1a 0,730 

1b 0.723 

1c 0,769 

1d 0.789 

2a 0.614 

2b 0.649 

3a 0.503 

3b 0.701 

3c 0.719 

3d 0.718 

4a 0.746 

4b 0.760 

 

For the regions where SVG is chosen as a predictor variable the probability of the different 

SVGs resulting in weather-induced landslide occurrence, when holding the other variables at 

their means, was predicted using the estimates in Appendix III. The results are found in Table 

18. The predicted probability of slide occurrence varies from region to region. In Region 1c 

there are only six SVGs who yield a predicted probability higher than zero. The probabilities 

vary from 1% to 8%. For the other regions there is a small number of SVGs who yields 

approximately zero probability of weather-induced landslide occurrence. The largest 

probability in each region is marked in bold. Region 3c has the largest probability in general 

for all SVGs (with the exception of SVG 21 and SVG 28, which have the highest probability 

in Region 4b and 1a respectively). SVG 10 has the highest probability; yielding a 90% 

probability of weather-induced landslide occurrence in Region 3c. When comparing the 

probabilities in Table 18 with the figures in section 6.3.2 (Figure 26, 27 and 28), the numbers 

in Table 18 can be justified.  
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Table 18 The predicted probability that a given SVG results in weather-induced landslide occurrence, calculated for 

the regions where SVG is a predictor variable. The largest probability in each region is marked in bold  

SVG Region 1a Region 1b Region 1c Region 3c Region 3d Region 4a Region 4b 

1 6,83E-02 2,62E-02 ~0 7,87E-01 5,83E-02 9,45E-02 2,88E-02 

2 2,13E-01 6,50E-02 ~0 4,78E-01 8,24E-02 9,67E-02 7,69E-02 

3 1,95E-01 2,99E-01 ~0 4,57E-01 4,42E-02 ~0 ~0 

4 2,86E-01 4,69E-02 ~0 5,09E-01 9,40E-02 7,77E-02 4,92E-02 

5 1,57E-01 6,35E-02 ~0 6,83E-01 1,31E-01 6,50E-02 3,07E-02 

6 2,25E-01 7,00E-02 1,65E-02 5,13E-01 4,15E-02 ~0 1,64E-02 

7 6,74E-02 5,21E-02 ~0 3,97E-01 3,12E-01 2,08E-01 1,82E-01 

8 1,09E-01 3,35E-02 ~0 5,53E-01 1,37E-01 1,40E-01 3,40E-02 

9 4,85E-02 1,64E-01 ~0 5,36E-01 1,42E-01 3,52E-01 8,45E-02 

10 7,55E-02 1,83E-02 ~0 9,04E-01 2,27E-01 9,22E-02 3,25E-02 

11 2,58E-01 1,74E-01 7,85E-02 5,18E-01 8,25E-02 8,70E-02 7,10E-02 

12 1,08E-01 1,21E-01 ~0 3,74E-01 2,34E-01 1,70E-01 1,66E-01 

13 1,86E-01 1,40E-01 ~0 5,18E-01 2,17E-01 ~0 ~0 

14 6,69E-02 ~0 ~0 6,22E-01 8,07E-02 7,44E-02 6,49E-02 

15 1,22E-01 6,71E-02 ~0 5,21E-01 3,31E-02 1,00E-01 1,58E-01 

16 7,41E-02 2,11E-02 ~0 5,73E-01 1,23E-01 2,87E-01 5,83E-02 

17 2,98E-01 6,18E-02 ~0 2,84E-01 1,44E-01 1,86E-01 ~0 

18 ~0 1,36E-01 ~0 6,77E-01 ~0 1,18E-01 ~0 

19 1,24E-01 1,33E-01 4,22E-02 5,04E-01 2,25E-01 2,41E-01 7,80E-02 

20 3,78E-01 1,45E-01 6,57E-02 3,14E-01 7,64E-02 6,86E-02 6,26E-02 

21 2,82E-01 2,45E-01 ~0 5,22E-02 9,41E-02 2,55E-01 1,40E-01 

22 9,21E-02 3,22E-01 ~0 2,42E-01 1,15E-01 1,01E-01 1,83E-01 

23 ~0 2,16E-01 ~0 5,62E-01 3,33E-01 ~0 8,98E-02 

24 1,18E-01 8,33E-02 2,58E-02 4,67E-01 1,43E-01 2,65E-02 4,60E-02 

25 7,60E-02 ~0 8,30E-02 5,54E-01 9,11E-02 8,54E-02 3,16E-01 

26 2,09E-01 6,01E-02 ~0 6,53E-01 ~0 1,93E-01 3,04E-02 

27 3,15E-01 1,46E-01 ~0 3,81E-01 7,53E-02 5,94E-02 6,03E-02 

28 4,40E-01 1,36E-01 ~0 1,24E-01 ~0 7,12E-02 9,85E-02 

29 4,13E-01 1,35E-01 ~0 3,43E-01 4,87E-02 4,26E-02 ~0 

 

In Table 19 the largest probabilities for weather-induced landslide occurrence in each region 

and the corresponding weather type is presented. It is also shown if the same weather type is 

associated with the largest probability for floods in the same area (Roald, 2008). This is the 

case for Region 1a, 3c and 4a. It can be seen that the probabilities are quite high in all the 

regions, with the exception of Region 1c, where the highest probability is 8%. 

Table 19 Weather types with the largest probability of weather-induced landslide occurrence 

 

Region SVG Name Probability Also identified for floods 

1a 28 Low over British Isles (TB) 44 % Yes, in Telemark 

1b 22 
High Scandinavia-Iceland,Ridge C. 

Europe(HNFA) 
32 % No 

1c 25 Cyclonic South-Easterly(SEZ) 8 % No 

3c 10 
Zonal Ridge across Central Europe 

(BM) 
90 % Yes, in south and southwest 

3d 23 
High Scandinavia-Iceland, Trough 

C.Europe (HNFZ) 
33 % No 

4a 9 High over Central Europe (HM) 35 % 
Yes, in west up to Nordfjord and in 

central Norway 

4b 25 Cyclonic South-Easterly(SEZ) 32 % No 
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7 Discussion 

 

7.1 Exploratory analyses of landslides 

The annual and cumulative number of landslides shows a dramatic increase in landslides from 

the 1990s. The increasing trend in observed weather-induced landslides can either be related 

to a climate trend or a better registration of the weather-induced landslides in the database. A 

report by Andreassen et al. (2015) show that there has been an over 18% increase in annual 

rainfall since 1900. The increase has been largest during spring (27%) and smallest during 

summer (12%). For the period 1985-2014, the annual rainfall for entire Norway has increased 

4% compared to the period 1971-2000. Since rainfall is the main factor related to weather-

induced landslide occurrence, the increase in occurrence can be expected to be related to this 

increase in rainfall (Kronholm and Stalsberg, 2009). In particular, extreme weather events can 

likely be associated with weather-induced landslide occurrence (Dyrrdal et al., 2011). Førland 

et al. (2007) state that since extreme weather is rare, there is not enough data to perform good 

statistical analyses of how they change over time. However, looking at the Norwegian 

Meteorology Institutes list of extreme weather events (Met.no, 2016), it can be seen that there 

have been recorded many events from 1994 until today, but no apparent increase can be 

observed in the latest years. This leads to the conclusion that the observed increase in 

landslide occurrence partly can be related to an increase in rainfall, but most likely has more 

to do with increased registrations to the database. The NDSB was established in the beginning 

of 2000 (Sokalska et al., 2015), which is the year when the number of events started to 

increase markedly (Figure 13). Landslides prior to this date are mainly registered by NGU 

through local historian Astor Furseth, who based on for instance newspapers and 

communication with people, have recorded events from before year 1000 (NVE, 2013b). The 

increased registration to the database can also be related to the widespread development of 

recreational infrastructure in rural areas and the increase in population over the last 100 years 

(Jaedicke et al., 2008, Lied, 2014), which in addition to leading to more landslide occurrence, 

has led to more slides being observed, and thereby registered. In addition the increased 

registration can be related to increased interest on the subject among the public, who after 

2013 can register incidences in the database (ref. section 4.1) (Sokalska et al., 2015). The 

conclusion made here, corresponds to the one presented in Førland et al. (2007). 

In the following it is discussed whether years and months with high slide occurrence can be 

related to extreme weather events. 2000, 2005, 2011 and 2013 are years characterized by a 

high number of weather-induced landslides, whereas 2002 and 2009 have few recorded slides. 

In 2000, the slide activity is highest in November, and is most likely related to the long, wet 

period in the eastern part of southern Norway, that occurred during the autumn. A low 

pressure from the south/southwest brought moist air to this area, which resulted in parts of 

this area receiving more rainfall than ever before (Fjelddalen, 2001). In September 2005 the 

extreme weather event “Kristin” caused extreme rainfall on the west coast, leading to 

weather-induced landslides taking the life of three people (Andreassen et al., 2015). The 

extreme weather “Loke” occurred in the same area two months later (Met.no, 2016), and 

resulted in many weather-induced landslides (Bjordal and Helle, 2011). 2011 is the year with 

highest weather-induced landslide occurrence. This is mainly due to the activity recorded in 
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December, where over 150 of the approximately 550 weather-induced landslides that year 

occurred. From the overview of extreme weather events provided by the Norwegian 

meteorological institute it can be seen that the event “Dagmar” took place in December 2011 

(Met.no, 2016). It brought a south-westerly storm to the west-coast and Trøndelag, causing 

heavy rainfall and floods, followed by many weather-induced landslides (Met.no, 2016, 

Moholt, 2016).  Over 70% of the damage was reported in the counties Møre og Romsdal and 

Sogn og Fjordane (Moholt, 2016). In 2013 the months May and November contribute to the 

high number of weather-induced landslides. In November the extreme weather “Hilde”, which 

especially affected Trøndelag, can perhaps be related to most of the activity (DSB, 2013). In 

May there were no recorded extreme weather events. However, the precipitation that month 

was according to the climate statistics 150% above normal for the entire country together. The 

areas who received the highest amount of rainfall were all located in southern Norway 

(Met.no, 2013). Together with intense snow melt this led to flooding and weather-induced 

landslides in the south-eastern part of the study area, especially in Gudbrandsdalen (Sund, 

2014).  From this it can be concluded that extreme weather events often results in high 

weather-induced landslide occurrence, but these types of slides can also occur due to long 

term rainfall, as seen in 2000 in the eastern part of southern Norway and in e.g. Jaedicke et al. 

(2008). The yearly calendar plots presented in Appendix I can give confirmation that the dates 

when the extreme weather events occurred corresponds to dates with high weather-induced 

landslide activity. However, it does not reveal any trends as to if the same dates have high 

occurrence multiple years. From this it can be concluded that a daily level is too detailed to be 

of any use when investigating landslides (especially when there is only 15 years of data), and 

that monthly or seasonal variations and trends are more useful. During the fall of 2002 there 

was low rainfall, resulting in dry reservoirs which had impact on the hydro power production. 

The recorded annual rainfall, however, was only 5% less than normal (Figure 4). This was 

due to a spring with a lot of rain which fell in the southern most counties (Agder) and in the 

northern part of the country (which is not a part of this study) (Met.no, 2003). Agder is not 

very prone to weather-induced landslides, due to the low relief hills and geology in the area, 

which can explain why the weather-induced landslide occurrence was low even though this 

area received large rainfall amounts.  Even though the annual rainfall in 2009 also was close 

to normal, many of the months where the landslide frequency can be expected to be high 

(Figure 15) actually received less rain than normal (Iden et al., 2010), which can explain why 

the weather-induced landslide occurrence was less frequent in southern Norway this year.  

The seasonal analysis revealed that November is the month with the most slide events. This is 

due to some years in particular (e.g. 2005 and 2011, as mentioned above). However, the 

monthly distribution per year and the distribution within the months show that there are 

multiple years with high weather-induced landslide activity in November. This can be related 

to the west coast having a H2L1 hydrological regime, implying that the highest monthly 

runoff typically takes place in October-November, which corresponds to the fact that the 

largest rainfall events occur in late autumn or early winter along the west coast (Gottschalk et 

al., 1979, Roald, 2008), which in turn can result in high slide occurrence. It can also be 

observed that the months February, June and July generally have few recorded events 

compared to the rest of the year. February is colder than January on the west-coast, with 
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monthly average temperatures usually below zero degrees Celsius, and it is also the month 

with least precipitation in the inlands (south-eastern part of the study area) (Harstveit, 2009). 

This can explain why the weather-induced landslide occurrence is less frequent in February. 

During the summer months the precipitation on the west-coast is generally lower than during 

fall, which results in fewer weather-induced landslides here. In the eastern inland parts the 

precipitation usually has high intensity and short duration (“bygenedbør”) during the summer, 

which can result in weather-induced landslides. However, the  amount of rainfall needs to be 

relatively large for that to happen (Kronholm and Stalsberg, 2009).  

7.1.1  Climatic regions and landslide distribution 

The two regions with the lowest number of weather-induced landslides per year are Region 1 

and Region 7.1. Region 1 is the smallest region, and the landforms here are typically hills 

with low relief in addition to coastal plains and standflats (Figure 2), which are usually not 

associated with weather-induced landslides. Region 7.1 is located on the lee side of the 

mountain, in the driest area in the country (Tollan, 1993). In the other end of the scale, Region 

2.1, 6.1 and 6.2 are located. These regions have the highest number of weather-induced 

landslides. Region 2.1 is the largest region, and includes the valleys in south-eastern Norway. 

This result confirms other studies that also show that this region has a high activity of 

weather-induced landslides (e.g. Sund (2014)). Region 6.1 and 6.2 are located on the west-

coast, which due to its climate and topography (chapter 3) is very prone to weather-induced 

landslide occurrence, and many slides might be linked to extreme weather events like Dagmar 

(ref. section 7.1). These regions are also among the regions that have the highest number of 

landslides in rock. However, some of the landslides registered as landslides in rock, could in 

reality be weather-induced landslides, as the wrong terminology is sometimes applied upon 

registration in the database (Sokalska et al., 2015). To understand which weather-induced 

landslides are wrongly registered, the database needs to be quality controlled and cleaned up 

by using e.g. aerial photos, topographic maps and hydrometeorological data, which will make 

the date and typology more certain (Boje et al., 2014).    

The seasonal variation in weather-induced landslides further varies with the regions. During 

the months October to March, the landslide occurrence is high on the west coast and relatively 

low in the eastern parts. This might be explained by the contrasting winter climate (section 

3.2). During this season, most precipitation comes with westerly winds and falls mainly on the 

west coast. In addition, at the west coast precipitation is more likely to fall as rain, whereas in 

the eastern parts, precipitation mainly falls as snow. As the snow starts to melt during spring, 

the occurrence of weather-induced landslides becomes more evenly distributed throughout 

southern Norway (ref. section 7.1). This corresponds to Region 2.2, 7.1 and 7.2 having 

highest weather-induced landslide activity during spring, as these regions are located in areas 

often related to snow accumulation during winter, and have a topography that consist of table 

plateaus and mountains with glacial incisions.  

7.2 Classification of weather-induced landslides 

Initially the spatial classification was intended to be performed on the climatic sub-regions 

(Figure 5, section 4.2). However, this yielded unsatisfying results. This can likely be related to 

the fact that the partitioning of these regions do not account for topography and geology, 
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which is known to affect weather-induced landslide occurrence (ref. section 2.1). The cluster 

analysis was therefore performed on the landslide domains (R3a) (Figure 11, section 5.2), 

which do account for these factors. 

The high silhouette width observed for clusters 1, 4, 6 and 7 (Table 5) indicates that these 

classes consists of days with weather-induced landslides that should belong to this cluster, 

whereas cluster 2, 3 and 5 includes days that could belong to other clusters. The difference 

between ‘separation’ and ‘average dissimilarity’ (Table 7) indicates the same result. The daily 

variance in weather-induced landslide occurrence within the regions, explained by the clusters, 

corresponds well to what could be expected when looking at how the slide occurrence is 

clustered within the different regions (Figure 23). It could be expected that in the regions 

where all the landslide data are clustered into one class, the explained variance is high, which 

is the case for the regions 1c, 2a, 2b, 3c, 3d and 4b. However, Region 2a has a higher 

explained variance than Region 2b, even though all days with weather-induced landslides in 

Region 2b are assigned to cluster 5, whereas in Region 2a a small portion of the days belong 

to other clusters than the largest (i.e. cluster 2). This can be related to cluster 2 being more 

likely to have been assigned days with weather-induced landslides that should be in this class 

(Table 5). For the remaining regions, i.e. regions 1a, 1b, 1d, 3a, 3b and 4a, the explained 

variances has a value of zero or negative. This can be related to the fact that in these regions, 

the day that was chosen as the optimal representative object for each cluster (Table 6) is a day 

with no slides. However, all regions have days with slide occurrence. This indicates that there 

were issues with correctly separating and clustering the data here. The reason some of the 

regions are hard to classify can be due to few events in these regions, or it could be that the 

number of classes used in the analyses here are not optimal. It would have been interesting to 

test a higher number of classes, e.g. 12 classes, which correspond to the number of regions in 

R3a, or 15, which corresponds to the number of climate regions, to see if this would improve 

the results. For Region 1a in particular, the problems can also be an indication that the region 

is not divided correctly. It is a relatively large region with many different landforms and 

quaternary deposits, and should perhaps be divided further. In the regions where the days with 

weather-induced landslides are nicely divided into separate clusters (Figure 23), the results of 

the classification supports the regionalization of the landslide domains derived by Devoli and 

Dahl (2014), which were created using a heuristic approach. 

 

7.3 Links between weather types, precipitation and weather-induced landslides 

In the following the relationship between the spatial classification of weather-induced 

landslides and the classification of precipitation patterns (section 4.5) and weather types 

(section 4.6) are discussed. First the weather types and their relationship to weather-induced 

landslides are discussed. 

7.3.1 Weather types and weather-induced landslide data  

The daily distribution of weather types (SVG) for the period 2000-2014 revealed that SVG 6 

(cyclonic south-westerly (SWZ)) occurred most frequently, whereas SVG 25 (cyclonic south-

easterly (SEZ)) occurred least frequently. It was found that these weather types, respectively, 

coincide with weather-induced landslides in a little over 20% and 15% of the days they 
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occurred. The SVGs that most often coincide with weather-induced landslides is SVG 5 and 

SVG 16 (> 30% of the days coincides). These are the anticyclonic south-westerly (SWA) and 

the High over British Isles (HB) weather-types. The SWA is identified by Roald (2008) to be 

one of the weather types that typically bring flood generating storms to the south and south 

western part of Norway. For instance, the SWA brought the warm and humid air from the 

subtropical/tropical waters from southwest to the coast of Norway the 14
th

 of November 2005 

causing the extreme weather event “Loke” (Roald, 2008), which, as discussed earlier, resulted 

in many weather-induced landslides. It is illustrated together with HB in Figure 31, which 

shows the geopotential height at 500 hPa (colour-filled, contour-interval 6 dam) and mean sea 

level pressure (black contour lines, interval 3 hPa) together with the central pressure values 

(high (H)/low (L) centre symbols). Roald (2008) does not identify the weather type HB as 

being one of the most frequent in terms of flood occurrence. This can be related to the fact 

that it does not occur that often (ref. Figure 24). However, when it does occur, it can lead to 

heavy precipitation on the northwest coast and Trøndelag. HB is a meridional circulation type, 

which is characterized by stationary blocking highs between 50 and 65° N latitude (Roald, 

2008), and it is often related to a cold polar high situated between Greenland and Island 

(Werner and Gerstengarbe, 2010). If warm and humid air from the south encounters this cold 

front, it can lead to extreme events such as “Mona” (2005) and “Kyrre” (2014) (Met.no, 2016).   

 

 

  

Figure 31 The anticyclonic south-westerly (SWA, SVG 5) and high over British Isles (HB, SVG 16) for the summer 

half-year (right) and winter half-year (left) (after James, 2007) 
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The anticyclonic north-easterly (NEA, SVG 18), on the other hand, is the least related to 

weather-induced landslides (< 10% of the days coincide). This weather type is associated with 

a high pressure system over Norway, resulting in little precipitation (James, 2007, Werner and 

Gerstengarbe, 2010). It is illustrated in Figure 32. 

 

7.3.2 Weather types and weather-induced landslide data on a regional scale 

Based on the landslide domains R3a, it is investigated which regions have slide occurrence on 

the days the various SVGs occurred. Region 3c has by far the largest number of days with 

slide occurrence. In this region SVG 1 and SVG 5 most often coincide with weather-induced 

landslides. SVG 1 is the anticyclonic westerly (WA). This weather type typically brings 

westerly winds, who most likely will give precipitation on the west coast (Tveito, 2010), 

which in turn can result in many weather-induced landslides. SVG 5 was discussed in the 

previous section. Region 1a has the second largest number of days where weather-induced 

landslides coincide with a particular SVG (SVG 29) (Figure 26). SVG 29 is the trough over 

western Europe (TRW). This is the weather type that most frequently is associated with 

rainfall flood events in the counties Buskerud and Oppland (Roald, 2008). Parts of these two 

counties are included in Region 1a. The two regions that have the fewest days with weather-

induced landslides are Region 1c and 2b. These regions consist of coastal plains and standflats, 

hills with low relief, tablelands and mountain plateaus, which are landforms less related to 

weather-induced landslides. 

The percent of days with weather-induced landslides in each region (Figure 27) show similar 

results as the ones discussed in the previous section (Figure 25), and depict the same pattern. 

However, the total percentage per weather type has increased, which indicates that there for 

the different SVGs have been slides in multiple regions on the same day (ref. section 7.1.1).  

The average number of slides per day informs how many slides to expect when a given 

weather type occurs. SVG 1 (WA) has, in addition to most frequently coinciding with a slide 

event in Region 3c, also the highest number of average slides per day in this region. The 

extreme weather event “Dagmar” (ref. section 7.1) was caused by this weather type, and 

highly affects the results in this region. In Region 1a, the weather type associated with the 

Figure 32 The anticyclonic north-easterly (NEA) weather type for the summer half-year (right) and winter half-

year (left) (after James, 2007) 
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highest number of average weather-induced landslides per day is SVG 28 (Low over the 

British Isles, TB), which is the most frequent class resulting in rainfall floods in 

Oslo/Akershus (which are included in Region 1a) (Roald, 2008). It can be seen that SVG 11 

(Low (Cut-Off) over Central Europe, TM) and SVG 17 (Trough over Central Europe, TRM) 

coincide with approximately two slides per day in Region 1d, even though the number of days 

these weather types coincide with a slide in Region 1d is quite low. The conclusion is that the 

weather types SVG 11 and SVG 17 do not result in weather-induced landslides very often, but 

when they do, it can be expected that multiple slides will occur in Region 1d. The two 

weather types have a circulation mainly from southeast/east towards the west, and the result 

corresponds to the conclusion by Roald (2008), which states that weather types moving in 

from southeast to southwest can cause summer thunderstorms in this area. 

The weather-induced landslide occurrence is well distinguished into certain SVGs for all, but 

four, of the regions (Region 2a, 2b, 3a and 3b). The variability of the SVGs are approximately 

equal (ref. section 5.4.1), so the risk that the null hypothesis are wrongfully rejected is 

minimal. However, none of the three null hypotheses proposed could be rejected for region 2a, 

2b, 3a and 3b: 

 “Days with weather-induced landslides are evenly distributed between the SVGs” 

 “The percent of days with weather-induced landslides are evenly distributed among 

the SVGs” 

 “The average number of slides per day is evenly distributed among the SVGs”. 

The reason the null hypotheses cannot be rejected for Region 3a and 3b can be related to the 

fact that Region 3a has days with weather-induced landslide occurrence for all but three of the 

SVGs, whereas Region 3b has slide occurrence for all  SVGs, which makes the landslide 

occurrence nearly evenly distributed among the SVGs (ref. Figure 26). For Region 2a and 2b 

it can be related to few days with weather-induced landslide occurrence when the different 

SVGs occurred. In addition, all four regions have a low percentage of days with slide 

occurrence, and a low average number of weather-induced landslides per day (ref. Figure 27 

and 28) which can make it hard to identify a statistical significant difference between the 

weather types. The Kruskal-Wallis test does not distinguish between the classes, and says 

nothing about which weather types the weather-induced landslides are distinguished into. This 

could perhaps be investigated further. However, using the figures in section 6.3.2 can give a 

good indication as to which SVGs can result in slide occurrence. 

7.3.3 Weather types, precipitation patterns and weather-induced landslide patterns 

In the following the relationship between the spatial weather-induced landslide classification 

and the classification of precipitation patterns (section 4.5) and weather types (section 4.6) are 

discussed.  

A statistically significant relationship is present among the weather types and precipitation 

patterns, as found in e.g. Tveito (2010), Fleig (2011) and Amland (2014). A relationship is 

also identified between precipitation and weather-induced landslides, as earlier indicated by 

e.g. Trigo et al. (2005), Kronholm and Stalsberg (2009) and many other studies stating that 
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precipitation is a key factor for initiating weather-induced landslide occurrence (Førland et al., 

2007, Lacasse and Nadim, 2009, Dyrrdal et al., 2012). The relationship between weather 

types and weather-induced landslides, however, is less significant (the null hypothesis cannot 

be rejected).  This indicates that other factors also come into play when determining the 

factors that influence weather-induced landslide occurrence. It can also be a result of the fact 

that weather-induced landslides in certain regions are more related to snowmelt, which cannot 

be linked to specific weather types (Roald, 2008), or that the slide occurrence is initiated by 

locally high intensive rainfall events. The latter is caused by local convective storms, which 

often is of too small scale to be indicated by the large scale synoptic weather types (Roald, 

2008).  

 

7.4 Prediction models 

The aim was here to explore in which of the regions the weather types have predictive power. 

For the models created in this study to be as correct as possible, it is necessary to include the 

variables already determined to be important for early warning of weather-induced landslides. 

In section 7.3 a relationship between the weather types and the precipitation patterns was 

determined, as well as a relationship between precipitation and weather-induced landslides. It 

is thereby apparent that precipitation should be included in the prediction of weather-induced 

landslides. The hydrometeorological index (section 4.4) is already in use in the landslide early 

warning system today, and was therefore included.  

 

7.4.1 Simple logistic regression 

A simple logistic regression was performed to investigate how the precipitation data (section 

4.3) and the weather types separately predict weather-induced landslide occurrence in the 

different regions. This could also be performed for the hydrometeorological index. However, 

this variable has four levels, where each level represents a threshold of how much slide 

activity can be expected. It is thereby already known that a “Red” level (ref. Table 3, section 

4.4) will yield a higher probability of weather-induced landslide occurrence than a “Green” 

level, and it was decided not to investigate this variable separate.  

 

First the precipitation as a predictor variable is discussed. The combined daily mean rainfall 

and snowmelt (RS) is considered a significant predictor variable for predicting weather-

induced landslides in seven of the twelve regions. In the regions where this variable is 

considered non-significant (p-value > 0.05); Region 1a, 1c, 3a, 3b and 4b, the frequency of 

landslide occurrence is quite low (with the exception of Region 1a, which is discussed below) 

(ref. section 6.3.2). These regions all have geology and topography that is not especially 

related to weather-induced landslide occurrence, which can explain why introducing the 3-day 

accumulated rainfall and snowmelt, did not improve the results.  When introducing the 

distributed 95-percentile rainfall and snowmelt, the results improved in Region 3b. This is an 

indication that this region receives uneven amounts of rainfall and snowmelt, resulting in 

landslides in certain areas of the region.  A small part of this region consists of steep slopes, 

and it can be assumed that this is where the landslides occur (Figure 2). When the landslide 

frequency is low, it is harder to get trustworthy statistical results (Gadbury et al., 2006). As 

expected the regions where the RS is non-significant, have a much wider confidence interval 
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(CI) than the rest of the regions. In Region 1a and 3b the relationship between weather-

induced landslides and RS is negative, indicating that an increase in rainfall and snowmelt 

leads to less weather-induced landslide occurrence. This is a result of the negative estimate of 

the predictor variable (Table 13), and contradicts previous studies and observations of the 

relationship between the two (Trigo et al., 2005, Kronholm and Stalsberg, 2009, Væringstad 

and Devoli, 2012, Sund, 2014). The improvement seen in Region 3b when changing the 

precipitation variable to distributed 95-precentile rainfall and snowmelt was assumed to occur 

in Region 1a as well, since this region is fairly large, and consists of both coastal areas and 

hills. However, this was not the case. The 3-day accumulated rainfall and snowmelt did not 

improve the results either, which indicates that long term rainfall exceeding 3 days is needed 

for landslides to occur in this region. This partly supported by a study performed by Førland 

et al. (2007), who found that one day precipitation has the greatest impact along the coast, 

except for the northern and southern extremes. For southern and southwestern Norway, 

precipitation events that last longer than 3, 10, or 30 days are the most important durations in 

terms of landslide occurrence. Another reason the precipitation data shows non-significance 

in some regions can be related to the regionalization chosen for this study. When investigating 

precipitation data at this level, there will be some smoothing of the variable, which might 

affect the results. However, a regional study level was necessary in order to obtain enough 

weather-induced landslides to create statistics on. 

 

Region 3c has the highest probability of weather-induced landslide occurrence, while Region 

2b has the lowest probability, as could be expected from Figure 26, 27 and 28. Region 2b has 

a geology and topography which is not very related to landslide occurrence, whereas the steep 

mountains found in Region 3c are frequently associated with weather-induced landslides. 

Region 1d also has a relatively high predicted probability of landslide occurrence that is 

increasing exponentially with the increasing amount of rainfall and snowmelt. This result, to 

some degree, supports the conclusion in section 7.3.2 that when a summer thunderstorm (that 

brings a lot of rain) occurs, multiple weather-induced landslides can be expected to occur in 

this area.  

In the following, the use of weather types (SVGs) as a predictor variable is discussed. Region 

1a, 1b, 3c, 3d and 4a show significant improvement when introducing SVG as a predictor 

variable to the model, in respect to the null model. Here, the null model is a model using only 

SVG 1 (ref. section 6.4.1). This indicates that weather types could be useful in predicting 

weather-induced landslides in these regions, but that SVG 1 is not the most important weather 

type in terms of predicting weather-induced landslide occurrence in these regions. The regions 

mentioned above have some of the highest predicted probabilities for a weather type resulting 

in slide occurrence (Figure 30). This can be related to these regions having more slide 

occurrence than the other regions. The highest predicted probability of a weather type 

resulting in weather-induced landslide occurrence is found in Region 3c, where SVG 10 has a 

91 % predicted probability of resulting in weather-induced landslide occurrence. SVG 10 is 

the Zonal Ridge across Central Europe (BM) which is identified by Roald (2008) to be one of 

the SVGs which most frequently is related to floods in south and southwestern Norway. 

However, when running the simple logistic regression it was observed that this weather type 
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is not significant in terms of predicting weather-induced landslide occurrence, which means 

that the predicted probability is uncertain. This can be due to there being some days with very 

high weather-induced landslide activity (section 7.3.2) that influences the predicted 

probability. The regions 1c, 1d and 2b have no significant SVGs. A non-significant result 

means that the model is unsure as to whether or not there exists a relationship between the 

SVGs and weather-induced landslide occurrence, not necessarily that the SVGs are not 

important in terms of weather-induced landslide occurrence (Fenton and Neil, 2012). The 

results might be different when introducing other variables than just weather types into the 

models. However, region 1c and 2b are regions not particularly prone to weather-induced 

landslides, whereas Region 1d often have slide occurrence that is more related to local 

weather conditions that cannot be linked to weather types (Roald, 2008).  

7.4.2 Multiple logistic regression 

Here, the variables discussed in the previous section are combined. In addition the 

hydrometeorological index is included to ensure that the models created are as correct as 

possible in predicting weather-induced landslide occurrence.  

The SVGs are used as a predictor variable for slide occurrence in seven of the twelve regions 

(Region 1a, 1b, 1c, 3c, 3d, 4a and 4b), and it is the most important variable when considering 

RS and the soil saturation (from the hydmet-index) as the other predictor variables (ref. 

Appendix III). This indicates that in these regions it is useful to be aware of which weather 

types are forecasted, in terms of early warning of weather-induced landslide occurrence. The 

fact that Region 1c uses SVGs as a predictor variable, supports the statement in section 7.4.1, 

that the results can change as other predictor variables are included in a model. This is a result 

of the predictor variables being correlated with each other, in addition to being correlated to 

the weather-induced landslides (Ilvento, 2006). This is worth being aware of if other variables 

than the ones used here are introduced to the model. Since natural processes are very complex, 

other variables could be tested, such as e.g. snowmelt as a separate variable or ground water 

levels, to investigate if other regions include weather types as a predictor variable. However, 

adding to many parameters might cause worse performance, because a model fit to a very 

specific set of information may perform poorly on new data (Heckmann et al., 2014).   

In Region 3b and 4b, using the mean daily rainfall and snowmelt (RS) as a predictor variable 

(in combination with the SVGs and hydmet-index) yielded poor results and errors. Based on 

the discussion in section 7.4.1, this could be expected. Just as for the simple logistic 

regression, the 3-day accumulated rainfall and snowmelt were tested as a possible predictor 

variable here as well, even if it showed no improvement for the results discussed in section 

7.4.1. This was done because the other predictor variables included here, might affect the 

results.  For Region 4b, the results did improve, which might be related to the fact that two of 

the levels in the hydmet-index were included in the model. These levels contain a measure of 

how much water is already in the ground (soil saturation) relative to how much water is 

supplied (ref. section 4.4). Therefore, if the ground contains a certain amount of water, 3 days 

of rain on top of this, can perhaps initiate a weather-induced landslide. However, as 

mentioned in the previous section, this region is not particularly prone to weather-induced 
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landslide occurrence. Using 3-day accumulated rain and snowmelt did not affect the results 

for Region 3b, as 3 days might not be a long enough time period for influencing the 

occurrence of weather-induced landslides here (Førland et al (2007)). When using the 

distributed 95-percentile rainfall and snowmelt instead, the results improved as they did for 

the simple logistic regression. However, days with one slide had to be removed for the model 

to improve. When excluding these days, the size of the dataset decreased from 1081 to 355 

days, which might be why the results seemingly improved (Gadbury et al., 2006). From 

Appendix III, it can be seen that the hydmet-index Red has the largest uncertainty for the 

regions where it was included. This is because it does not occur very often. The soil needs to 

be close to fully saturated for an area to receive this level of warning (many weather-induced 

landslides expected). The reason the estimates of RS becomes zero in most regions (Appendix 

III) can, for the same reason as it shows a non-significance for the simple regression, be 

related to the regional level chosen for the study, which causes a smoothing of the RS variable. 

All regions, except region 1c and 3a, have a model that is significantly better than the null 

model, which indicates that the variables included in the models are useful in terms of 

predicting weather-induced landslide occurrence. Region 1c and 3a both have few days with 

weather-induced landslides and neither of the regions have a statistically significant 

relationship between weather-induced landslides and the predictor variables in the simple 

logistic regression (section 7.4.1). Although running a multiple regression using the same 

variables as in a simple regression would result in a model that is independent of the model 

identified from the simple regression, the results discussed in section 7.4.1 can still be used to 

show that these regions depict problems in term of creating prediction models (i.e. reveals no 

statistically significant results). However, looking at individual p-values can be misleading. If 

the variables used in the model are highly correlated, the p-values will be large. This does not 

necessarily mean that the variables are useless in terms of predicting weather-induced 

landslides, as the p-values tell nothing about the nature and size of the relationship (Fenton 

and Neil, 2012).  The predictor variables used for the analyses here are, as discussed earlier, 

to some degree, correlated with each other, so it can be assumed that in some regions the 

variables are highly correlated.  Instead of the p-value, the AUC could be used as a measure 

of model performance. Here, the AUC values lie between 0.6 and 0.8, with the exception of 

Region 3a (~0.5). This indicates that the models are good in predicting weather-induced 

landslides, and they are not over-predicting, which a value close to one might indicate. For 

region 3a, the model is completely random, i.e. it predicts wrong just as often as it predicts 

correct (in terms of weather-induced landslide occurrence). This relates to the problems 

discussed with determining a prediction model here.  Despite having a non-significant p-value, 

region 1c has the second highest AUC, which might be an indication that some of the 

predictor variables in the model here are highly correlated.  

For the regional models using SVG as a predictor variable, the highest predicted probabilities 

of weather types resulting in weather-induced landslide occurrence can be found in region 3c. 

In this region all SVGs have a probability larger than zero for resulting in landslide 

occurrence. As for the simple logistic regression (section 7.4.1), SVG 10 has the highest 

predicted probability (~90%) when running the multiple regression.  In Region 1a the weather 
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type TB (SVG 28) has a predicted probability of 44 % in resulting weather-induced landslide, 

whereas the predicted probability of a slide in Region 4a is 35% if the weather type HM (SVG 

9) occurs. Roald (2008) identifies both of these as causing floods in the same areas. For the 

remaining regions where the model identified SVGs as a predictor variable, i.e. region 1b, 1c, 

3d and 4b, the weather types identified as giving the highest predicted probability of slide 

occurrence is not related to floods (Roald, 2008). For Region 1c the weather type associated 

with the highest predicted probability (8%) is SVG 25 (Cyclonic South-Easterly (SEZ)). This 

weather type occurred the least frequent during the study period (ref. section 6.3.1), and could 

perhaps explain why it is not identified as being related to floods (Roald, 2008). Although the 

weather types identified as giving the highest predicted probability of weather-induced 

landslide occurrence has not been identified for floods in all regions, operators of the 

landslide early warning system should be extra aware when the weather types identified as 

having a predictive power are forecasted. 
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8 Summary and conclusions 

 

In this study it is investigated how the large-scale synoptic atmospheric weather types in 

combination with precipitation patterns can be related to the occurrence of weather-induced 

landslides on a regional scale in southern Norway. Several tasks have been performed with 

this purpose in mind. The gathering and systematization of the landslide data revealed that the 

National Landslide Database needs to be cleaned up, as many of the landslides have been 

assigned the wrong typology and/or is double registered.  

Two regionalizations have been used for the analyses. Climatic sub-regions were used for the 

exploratory analyses of landslides. These analyses revealed spatial and temporal patterns that 

could be useful when spatially classifying the weather-induced landslides. However, when 

performing this classification, it became apparent that the regions used for the classification 

needs to account for topography and geology, since these factors influences where slides can 

occur. Landslide domains accounting for this was thereby introduced. When using this 

regionalization, the results showed that six of the twelve landslide domains/regions are well 

classified. This result can be used to support the regionalization of the landslide domains used 

as a basis for the classification, as these originally were derived using a heuristic approach. 

There are several reasons why six of the regions are poorly classified and show a low 

explained variance. For Region 1a it is most likely due to this region covering an area with 

large variations in landforms and quaternary deposits, and it should perhaps be divided into 

smaller regions. For other regions it is mostly due to few events resulting in uncertain 

statistical results. The regions where there are few events usually have a topography and 

geology that makes them less prone to weather-induced landslide occurrence.  

A relationship between weather types and precipitation, and precipitation and weather-

induced landslides has been identified. Similar relationships have also been found in other 

studies. Not unexpectedly the years and dates where extreme weather events have been 

recorded, coincide with a high number of weather-induced landslides. Therefore, as extreme 

weather becomes more frequent, the need to be prepared for weather-induced landslides when 

extreme events are forecasted is increasingly important. A statistically significant relationship 

between weather types and weather-induced landslides was not detected. However, this does 

not mean that there is no dependency between the two. The prediction models identify that in 

seven of the twelve regions, weather-induced landslides are closer linked to weather types 

than in the other regions. This includes the regions in the east (except the valleys), the largest 

regions in the west and the regions in Trøndelag (Region 1a, 1b, 1c, 3c, 3d, 4a and 4b). In 

other regions, weather-induced landslides are more affected by local weather and/or snowmelt, 

which is not indicated by or directly linked to large-scale synoptic weather types, or there are 

simply too few events to establish statistically significant relationships between the two.   

 

To conclude, strong and significant relationships between weather types and weather-induced 

landslides were identified in some of the regions in Norway, and can be used to predict the 

probability of weather-induced landslide occurrence. The relationship was strongest and most 

significant in the regions with highest landslide activity, whereas the largest uncertainty was 
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found in regions with a small data sample, i.e. low weather-induced landslide activity. The 

connection between weather types and weather-induced landslides is therefore useful from a 

forecaster’s point of view and can provide additional information to the operators of the 

landslide early warning system.  

 

8.1 Future work 

Future work might include: 

 More investigations on the regions where the spatial classification yields poor results; 

perhaps these should be divided differently. It could also be tested if a different 

number of classes, e.g. 12 classes (which is the number of regions in R3a) or 15 

classes (which is the number of regions in the climatic regions), reveal a better spatial 

pattern. Other classification methods for the spatial distribution of weather-induced 

landslides could also be tested, to see if better results can be obtained for these regions.   

 Post-hoc tests of the Kruskall-Wallis test could be performed to see which specific 

groups in the weather type variable are significantly different from each other.  

 Investigation as to whether there is a relationship between the number of slides and the 

number of predictor variables. This will give an indication as to how many slides can 

be expected in a region if a slide event is predicted. 

When modelling weather-induced landslides one of the most important underlying 

assumptions is that future events will take place under conditions the same as or similar to 

those in the past (Heckmann et al., 2014). Due to climate change, this might not be the case, 

and the study here might need to be revisited in the future when more data is registered. Also, 

as more slides in the database are quality controlled, the statistical ground might change, and 

the study could be revisited. 
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Appendix I: Calendar plots 2000-2014 

Here, the number of weather-induced landslides each day of the year for the period 2000-2014 

is shown. Be aware that there are three different scales used here. One from 0-20 slides, one 

from 0-50 slides and one from 0-150 slides. A date that is marked grey means that there have 

been no weather-induced landslides, whereas a data that has no color means that there has 

been no landslide activity at all (i.e. no landslides in rock or weather-induced landslides). 

 

 

 

 

 

 

 

 

 

 



102 
 

 



103 
 

 

 

 



104 
 

 

 



105 
 

 

 



106 
 

 

 



107 
 

 



108 
 

 

 



109 
 

Appendix II: Duration tables 

Duration tables for the climatic regions; 

including the duration of each event, the 

number of slides in each event and the 

starting date of the event. In addition the 

index number for the start date (i.e. the 

place the start date has in the data set) is 

included.  

Region 1 

No days with more than one slide  

Region 2.1 

date duration no.slides startindex 

2000-11-19 7 47 324 

2000-11-12 4 14 317 

2000-10-30 3 8 304 

2013-05-22 3 25 4891 

2000-11-07 2 5 312 

2000-11-30 2 5 335 

2002-04-02 2 5 823 

2007-07-03 2 6 2741 

2007-08-14 2 5 2783 

2011-07-23 2 5 4222 

2000-06-23 1 2 175 

2000-11-04 1 4 309 

2000-11-10 1 2 315 

2000-11-17 1 2 322 

2000-11-27 1 2 332 

2000-12-07 1 2 342 

2001-12-01 1 2 701 

2002-02-01 1 2 763 

2002-05-01 1 2 852 

2002-07-21 1 2 933 

2004-09-01 1 2 1706 

2005-03-04 1 2 1890 

2005-03-29 1 2 1915 

2005-11-03 1 2 2134 

2006-11-26 1 2 2522 

2007-08-12 1 6 2781 

2007-08-23 1 2 2792 

2008-01-01 1 4 2923 

2008-01-16 1 2 2938 

2008-04-02 1 2 3015 

2008-04-30 1 6 3043 

2008-05-02 1 2 3045 

2008-08-31 1 3 3166 

2009-08-12 1 2 3512 

2010-03-11 1 2 3723 

2010-10-07 1 2 3933 

2011-07-04 1 3 4203 

2011-07-17 1 6 4216 

2011-08-15 1 9 4245 

2011-08-29 1 2 4259 

2011-09-02 1 2 4263 

2011-09-04 1 2 4265 

2011-09-19 1 5 4280 

2011-09-21 1 2 4282 

2011-09-26 1 2 4287 

2012-03-18 1 2 4461 

2012-05-20 1 2 4524 

2012-07-09 1 2 4574 

2012-07-13 1 2 4578 

2012-08-06 1 28 4602 

2012-09-28 1 2 4655 

2012-11-13 1 2 4701 

2013-05-16 1 8 4885 

2013-05-30 1 3 4899 

2013-06-22 1 3 4922 

2014-01-03 1 2 5117 

2014-03-11 1 2 5184 

2014-07-08 1 2 5303 

2014-10-12 1 2 5399 

 

Region 2.2 

date duration no.slides startindex 

2013-05-22 3 33 4891 

2000-10-11 2 6 285 

2007-07-09 2 6 2747 

2011-06-09 2 25 4178 

2011-07-04 2 7 4203 

2000-03-01 1 5 61 

2006-05-01 1 2 2313 

2006-05-06 1 3 2318 

2007-07-03 1 3 2741 

2007-07-05 1 2 2743 

2007-07-27 1 3 2765 

2008-01-01 1 3 2923 
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2011-08-30 1 3 4260 

2012-03-12 1 2 4455 

2013-05-16 1 7 4885 

2013-06-27 1 4 4927 

2014-07-08 1 5 5303 

 

Region 3 

date duration no.slides startindex 

2000-11-14 1 2 319 

2004-10-05 1 3 1740 

2006-04-11 1 2 2293 

2006-04-19 1 2 2301 

2006-05-01 1 2 2313 

2008-02-19 1 2 2972 

2013-12-24 1 2 5107 

2014-08-30 1 2 5356 

 

Region 4 

date duration no.slides startindex 

2004-10-04 1 2 1739 

2006-04-25 1 2 2307 

2006-12-12 1 2 2538 

2009-04-26 1 2 3404 

2010-10-06 1 2 3932 

2011-04-07 1 2 4115 

2011-09-13 1 2 4274 

2013-01-02 1 2 4751 

2013-06-06 1 2 4906 

2014-08-19 1 2 5345 

 

Region 5.1 

date duration no.slides startindex 

2008-05-05 1 2 3048 

2010-08-19 1 2 3884 

2011-12-26 1 2 4378 

2014-02-23 1 2 5168 

Region 5.2 

date duration no.slides startindex 

2011-03-29 2 4 4106 

2000-05-23 1 2 144 

2003-06-28 1 3 1275 

2004-08-23 1 4 1697 

2005-09-14 1 3 2084 

2005-11-14 1 3 2145 

2007-01-15 1 4 2572 

2009-07-23 1 5 3492 

2011-01-17 1 2 4035 

2011-02-28 1 2 4077 

2011-03-03 1 2 4080 

2011-03-22 1 9 4099 

2011-04-06 1 4 4114 

2011-04-08 1 2 4116 

2012-02-28 1 10 4442 

2012-12-29 1 2 4747 

 

Region 6.1 

date duration no.slides startindex 

2001-11-02 3 11 672 

2011-03-21 3 11 4098 

2011-12-26 3 112 4378 

2001-10-03 2 5 642 

2001-10-30 2 4 669 

2003-08-13 2 6 1321 

2004-11-14 2 16 1780 

2006-12-11 2 6 2537 

2013-11-15 2 24 5068 

2001-02-12 1 2 409 

2001-11-15 1 2 685 

2002-02-02 1 2 764 

2003-01-07 1 3 1103 

2003-06-28 1 2 1275 

2003-09-15 1 2 1354 

2003-09-25 1 2 1364 

2003-12-19 1 4 1449 

2004-02-04 1 8 1496 

2004-05-06 1 6 1588 

2004-05-09 1 6 1591 

2004-05-19 1 3 1601 

2004-08-21 1 2 1695 

2004-10-04 1 3 1739 

2004-11-12 1 4 1778 

2004-12-07 1 3 1803 

2004-12-15 1 3 1811 

2005-01-07 1 20 1834 
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2005-01-13 1 3 1840 

2005-04-12 1 2 1929 

2005-08-29 1 5 2068 

2005-09-02 1 6 2072 

2005-09-14 1 33 2084 

2005-10-28 1 2 2128 

2005-11-14 1 35 2145 

2006-11-07 1 3 2503 

2007-08-14 1 2 2783 

2007-10-28 1 3 2858 

2007-10-31 1 2 2861 

2008-05-07 1 2 3050 

2008-10-25 1 2 3221 

2008-11-27 1 2 3254 

2009-01-12 1 2 3300 

2009-08-21 1 4 3521 

2009-09-01 1 6 3532 

2010-03-19 1 3 3731 

2010-07-22 1 4 3856 

2010-10-07 1 7 3933 

2011-06-09 1 2 4178 

2011-06-11 1 2 4180 

2011-06-28 1 3 4197 

2011-11-27 1 27 4349 

2012-04-19 1 2 4493 

2012-11-14 1 2 4702 

2013-05-16 1 2 4885 

2013-05-18 1 2 4887 

2013-06-04 1 2 4904 

2013-10-07 1 3 5029 

2013-12-28 1 2 5111 

2014-02-23 1 3 5168 

2014-03-07 1 2 5180 

2014-03-20 1 16 5193 

2014-10-26 1 2 5413 

2014-10-28 1 28 5415 

 

Region 6.2 

date duration no.slides startindex 

2011-04-06 3 7 4114 

2001-08-15 2 8 593 

2001-11-14 2 11 684 

2003-01-14 2 6 1110 

2003-12-18 2 6 1448 

2004-12-04 2 11 1800 

2007-01-14 2 6 2571 

2011-01-16 2 6 4034 

2011-03-21 2 17 4098 

2011-12-25 2 33 4377 

2013-11-15 2 25 5068 

2014-03-20 2 10 5193 

2014-10-27 2 4 5414 

2000-02-04 1 2 35 

2000-02-07 1 2 38 

2000-02-10 1 2 41 

2000-06-13 1 2 165 

2001-02-20 1 2 417 

2001-03-13 1 2 438 

2001-06-06 1 2 523 

2001-11-10 1 2 680 

2002-02-17 1 2 779 

2002-03-05 1 2 795 

2003-01-12 1 2 1108 

2003-01-17 1 3 1113 

2003-01-22 1 3 1118 

2003-04-03 1 2 1189 

2003-09-14 1 2 1353 

2003-12-10 1 2 1440 

2004-02-04 1 4 1496 

2004-09-27 1 2 1732 

2004-11-14 1 7 1780 

2004-12-22 1 3 1818 

2005-01-04 1 2 1831 

2005-03-17 1 2 1903 

2005-04-04 1 2 1921 

2005-04-12 1 2 1929 

2005-05-26 1 2 1973 

2005-09-05 1 2 2075 

2005-09-14 1 27 2084 

2005-11-09 1 9 2140 

2005-11-14 1 45 2145 

2006-02-10 1 2 2233 

2006-04-17 1 2 2299 

2006-04-23 1 2 2305 

2006-05-03 1 2 2315 

2006-12-19 1 3 2545 

2007-04-09 1 2 2656 

2007-10-28 1 2 2858 

2007-11-01 1 3 2862 

2007-11-03 1 2 2864 
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2008-01-25 1 2 2947 

2008-02-17 1 2 2970 

2008-02-21 1 2 2974 

2008-08-28 1 2 3163 

2008-11-27 1 7 3254 

2009-02-18 1 2 3337 

2010-04-29 1 2 3772 

2010-07-21 1 2 3855 

2010-10-28 1 3 3954 

2010-10-30 1 2 3956 

2011-03-08 1 2 4085 

2011-04-02 1 2 4110 

2011-05-03 1 2 4141 

2011-05-24 1 4 4162 

2011-05-31 1 2 4169 

2011-06-28 1 11 4197 

2011-07-25 1 6 4224 

2011-10-07 1 2 4298 

2011-11-26 1 4 4348 

2011-11-29 1 2 4351 

2012-02-27 1 3 4441 

2012-03-09 1 3 4452 

2013-04-15 1 3 4854 

2013-04-30 1 2 4869 

2013-05-13 1 2 4882 

2013-07-17 1 2 4947 

2013-08-06 1 2 4967 

2013-10-08 1 2 5030 

2013-10-23 1 3 5045 

2014-01-24 1 2 5138 

2014-02-23 1 4 5168 

2014-03-14 1 2 5187 

 

Region 7.1 

 

Region 7.2 

Region 8.1 

date duration no.slides startindex 

2004-11-14 2 5 1780 

2000-04-19 1 2 110 

2000-04-23 1 2 114 

2003-08-17 1 2 1325 

2006-09-05 1 3 2440 

2007-07-18 1 2 2756 

2011-06-09 1 2 4178 

2011-08-03 1 3 4233 

2013-11-16 1 4 5069 

2014-07-12 1 2 5307 

2014-10-28 1 2 5415 

  

Region 8.2  

date duration no.slides startindex 

2004-11-14 2 15 1780 

2013-11-15 2 34 5068 

2014-08-19 2 5 5345 

2001-11-02 1 3 672 

2001-11-10 1 2 680 

2003-08-15 1 8 1323 

2003-10-09 1 2 1378 

2003-12-18 1 3 1448 

2004-02-24 1 3 1516 

2005-11-14 1 12 2145 

2007-02-04 1 2 2592 

2007-09-08 1 2 2808 

2007-10-31 1 2 2861 

2008-11-27 1 5 3254 

2011-01-01 1 2 4019 

2011-01-23 1 3 4041 

2011-02-01 1 3 4050 

2011-03-21 1 5 4098 

2011-07-25 1 2 4224 

2011-09-06 1 2 4267 

2011-12-26 1 4 4378 

2012-03-13 1 2 4456 

2012-10-07 1 5 4664 

2013-02-18 1 3 4798 

2013-04-17 1 2 4856 

2013-06-24 1 4 4924 

2013-07-14 1 2 4944 

2013-11-27 1 2 5080 

Date duration no.slides startindex 

2013-07-31 1 2 4961 

date duration no.slides startindex 

2013-05-22 2 10 4891 

2008-04-29 1 2 3042 

2008-05-02 1 3 3045 

2011-06-10 1 9 4179 

2013-06-04 1 2 4904 
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2014-07-27 1 2 5322 

 

Region 9 

date duration no.slides startindex 

2011-04-11 2 4 4119 

2012-03-12 2 6 4455 

2000-04-08 1 2 99 

2000-04-18 1 2 109 

2000-04-21 1 6 112 

2000-04-23 1 2 114 

2000-04-25 1 2 116 

2001-12-19 1 2 719 

2002-07-31 1 2 943 

2004-09-24 1 6 1729 

2004-09-27 1 2 1732 

2010-06-19 1 3 3823 

2011-06-29 1 3 4198 

2011-08-16 1 4 4246 

2012-03-23 1 2 4466 

2012-03-28 1 3 4471 

2013-06-02 1 2 4902 

2013-06-09 1 4 4909 

2013-06-16 1 2 4916 

2014-06-22 1 3 5287 

 

Region 10.1 

date duration no.slides startindex 

2006-01-31 2 7 2223 

2012-03-23 2 8 4466 

2012-03-28 2 4 4471 

2013-11-15 2 22 5068 

2013-12-02 2 10 5085 

2003-12-05 1 2 1435 

2004-11-14 1 3 1780 

2004-11-24 1 2 1790 

2007-04-07 1 2 2654 

2010-06-19 1 2 3823 

2011-03-21 1 2 4098 

2011-06-10 1 2 4179 

2011-07-25 1 3 4224 

2011-09-06 1 2 4267 

2011-10-02 1 2 4293 

2012-03-21 1 2 4464 

2013-08-11 1 3 4972 

2013-08-13 1 3 4974 

2013-11-18 1 3 5071 

2013-12-13 1 3 5096 

2014-04-14 1 2 5218 

2014-08-20 1 2 5346 
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Appendix III: Multiple logistic regression - Properties of final prediction 

models 

The estimates for the predictor variables included in the final prediction model, the 

unconditional variance, the total number of weighted models used in the final prediction 

model, the number of models each predictor variable is included in and the importance of 

each predictor variable. The predictor variables are sorted in terms of importance from lowest 

to highest.   

Region 1a Estimate Uncond. 
variance 

Nb models Importance 

Red -1,05E-01 7,48E-01 1 1,21E-01 
Orange -1,55E-02 3,90E-03 1 1,27E-01 
Yellow -4,01E-02 7,20E-03 1 1,94E-01 

Rain&snowmelt 0 0 1 2,32E-01 
(Intercept) 7,12E-02 2,00E-03 5 1,00E+00 

SVG2 1,51E-01 5,30E-03 5 1,00E+00 
SVG3 1,38E-01 7,70E-03 5 1,00E+00 
SVG4 2,30E-01 5,40E-03 5 1,00E+00 
SVG5 8,98E-02 3,40E-03 5 1,00E+00 
SVG6 1,68E-01 4,10E-03 5 1,00E+00 
SVG7 -1,80E-03 4,10E-03 5 1,00E+00 
SVG8 4,44E-02 4,10E-03 5 1,00E+00 
SVG9 -2,14E-02 4,90E-03 5 1,00E+00 

SVG10 6,00E-03 4,40E-03 5 1,00E+00 
SVG11 2,05E-01 5,40E-03 5 1,00E+00 
SVG12 4,27E-02 9,70E-03 5 1,00E+00 
SVG13 1,30E-01 1,12E-02 5 1,00E+00 
SVG14 1,90E-03 1,19E-02 5 1,00E+00 
SVG15 5,95E-02 6,40E-03 5 1,00E+00 
SVG16 -1,80E-03 4,70E-03 5 1,00E+00 
SVG17 2,43E-01 6,30E-03 5 1,00E+00 
SVG18 -7,06E-02 1,94E-02 5 1,00E+00 
SVG19 5,71E-02 7,70E-03 5 1,00E+00 
SVG20 3,30E-01 1,13E-02 5 1,00E+00 
SVG21 2,30E-01 8,90E-03 5 1,00E+00 
SVG22 2,96E-02 1,59E-02 5 1,00E+00 
SVG23 -7,07E-02 1,59E-02 5 1,00E+00 
SVG24 5,75E-02 5,50E-03 5 1,00E+00 
SVG25 1,27E-02 1,36E-02 5 1,00E+00 
SVG26 1,49E-01 6,30E-03 5 1,00E+00 
SVG27 2,63E-01 4,70E-03 5 1,00E+00 
SVG28 3,94E-01 6,90E-03 5 1,00E+00 
SVG29 3,61E-01 3,90E-03 5 1,00E+00 
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Region 1b Estimate Uncond. 
variance 

Nb models Importance 

Green -8,60E-03 4,00E-04 1 1,67E-01 

Yellow 1,35E-02 9,00E-04 1 1,88E-01 

Rain&snowmelt 0 0 1 3,04E-01 

(Intercept) 3,19E-02 1,90E-03 4 1,00E+00 

SVG2 4,36E-02 3,00E-03 4 1,00E+00 

SVG3 2,67E-01 4,40E-03 4 1,00E+00 

SVG4 2,15E-02 3,10E-03 4 1,00E+00 

SVG5 3,88E-02 2,00E-03 4 1,00E+00 

SVG6 4,83E-02 2,40E-03 4 1,00E+00 

SVG7 2,44E-02 2,40E-03 4 1,00E+00 

SVG8 7,30E-03 2,40E-03 4 1,00E+00 

SVG9 1,29E-01 2,80E-03 4 1,00E+00 

SVG10 -7,50E-03 2,50E-03 4 1,00E+00 

SVG11 1,49E-01 3,10E-03 4 1,00E+00 

SVG12 8,75E-02 5,50E-03 4 1,00E+00 

SVG13 1,09E-01 6,40E-03 4 1,00E+00 

SVG14 -2,34E-02 6,80E-03 4 1,00E+00 

SVG15 3,93E-02 3,70E-03 4 1,00E+00 

SVG16 -4,40E-03 2,60E-03 4 1,00E+00 

SVG17 3,56E-02 3,60E-03 4 1,00E+00 

SVG18 1,02E-01 1,11E-02 4 1,00E+00 

SVG19 1,01E-01 4,40E-03 4 1,00E+00 

SVG20 1,10E-01 6,40E-03 4 1,00E+00 

SVG21 2,23E-01 5,10E-03 4 1,00E+00 

SVG22 2,77E-01 9,10E-03 4 1,00E+00 

SVG23 1,77E-01 9,10E-03 4 1,00E+00 

SVG24 5,31E-02 3,10E-03 4 1,00E+00 

SVG25 -2,36E-02 7,80E-03 4 1,00E+00 

SVG26 3,47E-02 3,60E-03 4 1,00E+00 

SVG27 1,27E-01 2,70E-03 4 1,00E+00 

SVG28 1,12E-01 4,00E-03 4 1,00E+00 

SVG29 1,20E-01 2,30E-03 4 1,00E+00 
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Region 1c Estimate Uncond. 
variance 

Nb models Importance 

Rain&snowmelt 0 0 1 1,08E-01 
Red 1,21E-02 1,11E-02 1 1,09E-01 

Orange -1,50E-03 0 1 1,16E-01 
Yellow -2,70E-03 1,00E-04 1 1,17E-01 

SVG2 0 0 1 2,56E-01 

SVG3 0 0 1 2,56E-01 

SVG4 0 0 1 2,56E-01 

SVG5 0 0 1 2,56E-01 

SVG6 4,10E-03 1,00E-04 1 2,56E-01 

SVG7 0 0 1 2,56E-01 

SVG8 0 0 1 2,56E-01 

SVG9 0 0 1 2,56E-01 

SVG10 0 0 1 2,56E-01 

SVG11 1,92E-02 9,00E-04 1 2,56E-01 

SVG12 0 0 1 2,56E-01 

SVG13 0 0 1 2,56E-01 

SVG14 0 0 1 2,56E-01 

SVG15 0 0 1 2,56E-01 

SVG16 0 0 1 2,56E-01 

SVG17 0 0 1 2,56E-01 

SVG18 0 1,00E-04 1 2,56E-01 

SVG19 1,07E-02 3,00E-04 1 2,56E-01 

SVG20 1,71E-02 7,00E-04 1 2,56E-01 

SVG21 0 0 1 2,56E-01 

SVG22 0 1,00E-04 1 2,56E-01 

SVG23 0 1,00E-04 1 2,56E-01 

SVG24 6,60E-03 1,00E-04 1 2,56E-01 

SVG25 2,13E-02 1,10E-03 1 2,56E-01 

SVG26 0 0 1 2,56E-01 

SVG27 0 0 1 2,56E-01 

SVG28 0 0 1 2,56E-01 

SVG29 0 0 1 2,56E-01 
(Intercept) 5,60E-03 0 6 1,00E+00 

 

Region 1d Estimate Uncond. 
variance 

Nb models Importance 

Yellow 2,03E-01 4 6,16E-01 2,03E-01 
Orange 6,13E-01 4 6,61E-01 6,13E-01 
Green 2,96E-01 4 7,07E-01 2,96E-01 

Rain&snowmelt 0,00E+00 5 8,44E-01 0,00E+00 
(Intercept) 2,98E-01 6 1,00E+00 2,98E-01 
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Region 2a Estimate Uncond. 
variance 

Nb models Importance 

Yellow -1,03E-02 1,20E-03 2 1,75E-01 
Rain&snowmelt 0 0 2 2,45E-01 

Green 3,93E-02 5,80E-03 3 3,37E-01 
Orange -2,72E-01 1,22E-01 4 5,23E-01 

(Intercept) 3,09E-02 5,80E-03 8 1,00E+00 

 

Region 2b Estimate Uncond. 
variance 

Nb models Importance 

Rain&snowmelt 0 0 1 1,93E-01 

Red 1,20E+00 1,78E+00 2 6,29E-01 

(Intercept) 8,35E-01 2,00E-02 3 1,00E+00 
Yellow -8,24E-01 2,85E-02 3 1,00E+00 
Green -8,27E-01 2,00E-02 3 1,00E+00 

 

Region 3a Estimate Uncond. 
variance 

Nb models Importance 

Yellow -2,50E-03 1,00E-04 1 1,48E-01 

Red -1,32E-02 3,20E-03 1 1,49E-01 

Rain&snowmelt 0,00E+00 0,00E+00 1 1,57E-01 

Green 3,30 E-03 1,00E-04 1 1,60E-01 

(Intercept) 1,65E-02 1,00E-04 5 1,00E+00 

 

Region 3b* Estimate Uncond. 
variance 

Nb models Importance 

Rain&snowmelt 6,71e-03 NA 1 1 

*The results here are based on the 95-precentile distributed rainfall and snowmelt 

 

Region 3c Estimate Uncond. 
variance 

Nb models Importance 

Red -6,81E+00 5,83E+02 1 1,75E-01 
Green 2,50E-02 4,60E-03 1 1,92E-01 
Yellow -3,00E-02 6,30E-03 1 1,95E-01 

(Intercept) 6,98E-01 1,11E-02 4 1,00E+00 
SVG2 -2,81E-01 8,30E-03 4 1,00E+00 
SVG3 -3,23E-01 1,26E-02 4 1,00E+00 
SVG4 -2,63E-01 8,60E-03 4 1,00E+00 
SVG5 -8,69E-02 5,40E-03 4 1,00E+00 
SVG6 -2,51E-01 6,50E-03 4 1,00E+00 
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SVG7 -3,72E-01 6,80E-03 4 1,00E+00 
SVG8 -2,19E-01 6,70E-03 4 1,00E+00 
SVG9 -2,44E-01 8,20E-03 4 1,00E+00 

SVG10 1,15E-01 6,90E-03 4 1,00E+00 
SVG11 -2,63E-01 8,90E-03 4 1,00E+00 
SVG12 -4,03E-01 1,56E-02 4 1,00E+00 
SVG13 -2,65E-01 1,81E-02 4 1,00E+00 
SVG14 -1,60E-01 1,91E-02 4 1,00E+00 
SVG15 -2,59E-01 1,05E-02 4 1,00E+00 
SVG16 -2,06E-01 7,60E-03 4 1,00E+00 
SVG17 -4,82E-01 1,00E-02 4 1,00E+00 
SVG18 -1,03E-01 3,09E-02 4 1,00E+00 
SVG19 -2,78E-01 1,26E-02 4 1,00E+00 
SVG20 -4,61E-01 1,82E-02 4 1,00E+00 
SVG21 -7,04E-01 1,42E-02 4 1,00E+00 
SVG22 -5,25E-01 2,55E-02 4 1,00E+00 
SVG23 -2,24E-01 2,55E-02 4 1,00E+00 
SVG24 -3,17E-01 9,20E-03 4 1,00E+00 
SVG25 -2,30E-01 2,18E-02 4 1,00E+00 
SVG26 -1,23E-01 1,02E-02 4 1,00E+00 
SVG27 -3,89E-01 7,50E-03 4 1,00E+00 
SVG28 -6,31E-01 1,13E-02 4 1,00E+00 
SVG29 -4,19E-01 6,10E-03 4 1,00E+00 

Rain&snowmelt 3,00E-04 0,00E+00 4 1,00E+00 

 

Region 3d Estimate Uncond. 
variance 

Nb models Importance 

Rain&snowmelt 2,00E-04 0 1 6,73E-01 

Yellow -1,74E-01 2,51E-02 1 6,73E-01 

(Intercept) 4,80E-02 1,60E-03 2 1,00E+00 

SVG2 2,76E-02 3,80E-03 2 1,00E+00 

SVG3 -1,24E-02 5,60E-03 2 1,00E+00 

SVG4 3,67E-02 3,80E-03 2 1,00E+00 

SVG5 8,00E-02 2,40E-03 2 1,00E+00 

SVG6 -1,84E-02 2,90E-03 2 1,00E+00 

SVG7 2,50E-01 3,00E-03 2 1,00E+00 

SVG8 8,26E-02 3,00E-03 2 1,00E+00 

SVG9 7,86E-02 3,70E-03 2 1,00E+00 

SVG10 1,71E-01 3,10E-03 2 1,00E+00 

SVG11 2,30E-02 4,00E-03 2 1,00E+00 

SVG12 1,68E-01 7,00E-03 2 1,00E+00 

SVG13 1,48E-01 8,20E-03 2 1,00E+00 

SVG14 2,16E-02 8,70E-03 2 1,00E+00 

SVG15 -2,42E-02 4,60E-03 2 1,00E+00 

SVG16 6,21E-02 3,40E-03 2 1,00E+00 
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SVG17 9,26E-02 4,50E-03 2 1,00E+00 

SVG18 -4,66E-02 1,41E-02 2 1,00E+00 

SVG19 1,56E-01 5,70E-03 2 1,00E+00 

SVG20 1,77E-02 8,30E-03 2 1,00E+00 

SVG21 3,94E-02 6,40E-03 2 1,00E+00 

SVG22 5,17E-02 1,16E-02 2 1,00E+00 

SVG23 2,52E-01 1,16E-02 2 1,00E+00 

SVG24 7,80E-02 4,10E-03 2 1,00E+00 

SVG25 3,16E-02 9,80E-03 2 1,00E+00 

SVG26 -5,55E-02 4,50E-03 2 1,00E+00 

SVG27 1,82E-02 3,30E-03 2 1,00E+00 

SVG28 -5,54E-02 5,00E-03 2 1,00E+00 

SVG29 -1,16E-02 2,70E-03 2 1,00E+00 

 

Region 4a Estimate Uncond. 
variance 

Nb models Importance 

Rain&snowmelt 0 0 1 1,15E-01 
Orange -4,37E+00 3,34E+01 4 6,05E-01 
Green -3,62E+00 2,67E+01 5 6,93E-01 
Yellow -2,95E+00 2,61E+01 5 7,47E-01 

(Intercept) 3,71E+00 2,67E+01 7 1,00E+00 
SVG2 3,20E-03 3,70E-03 7 1,00E+00 
SVG3 -8,70E-02 5,40E-03 7 1,00E+00 
SVG4 -1,14E-02 3,80E-03 7 1,00E+00 
SVG5 -3,22E-02 2,40E-03 7 1,00E+00 
SVG6 -8,85E-02 2,90E-03 7 1,00E+00 
SVG7 1,16E-01 2,90E-03 7 1,00E+00 
SVG8 4,92E-02 2,90E-03 7 1,00E+00 
SVG9 2,64E-01 3,40E-03 7 1,00E+00 

SVG10 -3,70E-03 3,10E-03 7 1,00E+00 
SVG11 5,00E-04 3,80E-03 7 1,00E+00 
SVG12 7,64E-02 6,70E-03 7 1,00E+00 
SVG13 -8,74E-02 7,80E-03 7 1,00E+00 
SVG14 -1,34E-02 8,30E-03 7 1,00E+00 
SVG15 9,60E-03 4,50E-03 7 1,00E+00 
SVG16 1,91E-01 3,20E-03 7 1,00E+00 
SVG17 9,26E-02 4,40E-03 7 1,00E+00 
SVG18 2,62E-02 1,35E-02 7 1,00E+00 
SVG19 1,48E-01 5,40E-03 7 1,00E+00 
SVG20 -2,06E-02 7,80E-03 7 1,00E+00 
SVG21 1,64E-01 6,20E-03 7 1,00E+00 
SVG22 1,28E-02 1,11E-02 7 1,00E+00 
SVG23 -8,52E-02 1,11E-02 7 1,00E+00 
SVG24 -5,97E-02 3,80E-03 7 1,00E+00 
SVG25 -2,40E-03 9,50E-03 7 1,00E+00 
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SVG26 1,01E-01 4,40E-03 7 1,00E+00 
SVG27 -3,08E-02 3,20E-03 7 1,00E+00 
SVG28 -1,75E-02 4,80E-03 7 1,00E+00 
SVG29 -4,67E-02 2,70E-03 7 1,00E+00 

 

Region 4b** Estimate Uncond. 
variance 

Nb models Importance 

Rain&snowmelt 0 0 1 1,62E-01 

Green -1,80E-02 1,60E-03 1 2,10E-01 

Yellow 2,65E-02 3,20E-03 1 2,25E-01 

(Intercept) 4,42E-02 2,70E-03 4 1,00E+00 

SVG2 4,72E-02 2,10E-03 4 1,00E+00 

SVG3 -2,65E-02 3,10E-03 4 1,00E+00 

SVG4 2,40E-02 2,20E-03 4 1,00E+00 

SVG5 5,30E-03 1,40E-03 4 1,00E+00 

SVG6 -1,02E-02 1,70E-03 4 1,00E+00 

SVG7 1,52E-01 1,70E-03 4 1,00E+00 

SVG8 6,30E-03 1,70E-03 4 1,00E+00 

SVG9 6,08E-02 2,00E-03 4 1,00E+00 

SVG10 7,80E-03 1,80E-03 4 1,00E+00 

SVG11 4,87E-02 2,20E-03 4 1,00E+00 

SVG12 1,41E-01 3,90E-03 4 1,00E+00 

SVG13 -2,60E-02 4,50E-03 4 1,00E+00 

SVG14 4,53E-02 4,80E-03 4 1,00E+00 

SVG15 1,35E-01 2,60E-03 4 1,00E+00 

SVG16 3,18E-02 1,90E-03 4 1,00E+00 

SVG17 -2,60E-02 2,50E-03 4 1,00E+00 

SVG18 -2,66E-02 7,80E-03 4 1,00E+00 

SVG19 5,71E-02 3,10E-03 4 1,00E+00 

SVG20 4,07E-02 4,50E-03 4 1,00E+00 

SVG21 1,24E-01 3,60E-03 4 1,00E+00 

SVG22 1,74E-01 6,40E-03 4 1,00E+00 

SVG23 7,39E-02 6,40E-03 4 1,00E+00 

SVG24 2,51E-02 2,20E-03 4 1,00E+00 

SVG25 3,07E-01 5,50E-03 4 1,00E+00 

SVG26 5,20E-03 2,50E-03 4 1,00E+00 

SVG27 3,28E-02 1,90E-03 4 1,00E+00 

SVG28 8,10E-02 2,80E-03 4 1,00E+00 

SVG29 -2,61E-02 1,50E-03 4 1,00E+00 

**The results here are obtained using 3-day accumulated rainfall and snowmelt 

 

 


