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ABSTRACT 

Climate change is predicted to increase both general precipitation levels as well as the frequency of 

intense short-term rainfall events in Sweden. Major transport infrastructure such as roads and 

railways, which are characterized by long lifetimes and high investment costs, are especially 

vulnerable for changes in climate. This research aims to identify climate-related vulnerabilities in the 

transport network in view of Trafikverket’s adaptation to climate change. Specifically, the aim of this 

research is to identify  flood risk of road/rail-stream intersections, based on watershed characteristics. 

Flooding in Värmland and Västra Götaland in August 2014 serves as the basis on which the models 

are built. Three different statistical modelling approaches were taken: a partial least square 

regression, a binomial logistic regression, and artificial neural networks. All three methods perform 

well, and share of urban land use in the catchment as well as local channel slope at the road-stream 

intersection were identified as most important parameters in the catchments of the studied area for 

estimating the probability of flooding. Using the results of the different models together makes it 

possible to cross-validate their results. A flood thermometer, indicating the level of risk a certain point 

has for flooding, was introduced to visualize this. This leads to better insights into the results and 

furthermore allows to use the suggested methods as a complement to Trafikverket’s currently used 

Blue Spot analysis. It is however essential to improve data collection in order to increase the accuracy 

and generalizability of the models. A good framework for data collection is therefore essential. 

  

 

 

 

 

 

 

 

 

 

 

 

 



   

 
 

Summary in Swedish 

Klimatförändringar förväntas att öka både generella nederbördsmängder samt frekvensen av 
intensiva kortsiktiga skyfall i Sverige. Transportinfrastruktur som väger och järnväger, som 
kännetecknas av långa livslängder och höga investeringskostnader, är särskilt utsatta för 
klimatförändringar. Dessutom är många trummor nu inte dimensionerade för de förväntade 
klimatförändringar. Denna forskning syftar därför till att identifiera klimatrelaterade sårbarheter i 
transportnätet med hänsyn till Trafikverkets klimatanpassningsstrategi.  

Specifikt är syftet med denna forskning att att utveckla en metod för att förutsäga sannolikheten för 

översvämning vid korsningar mellan vägar och vattendrag samt järnvägar och vattendrag, baserad på 

fysiska deskriptorer för avrinningsområden (physical catchment descriptors, PCD). Översvämningar i 

Västra Götaland och Värmland i augusti 2014 ligger till grund för modellerna: genom att läsa tidningar 

samt trafikinformation samlades 5 översvämmade punkter och 10 ej-översvämmade punkter i Västra 

Götaland, samt 9 översvämmade och 15 ej-översvämmade punkter i Värmland. För alla dessa punkter 

identifierades deras motsvarande avrinningsområde. Baserad på gränser av avrinningsområden 

beräknades 17 fysiska deskriptorer (PCD) som återspeglar topografin, vägkarakteristik, jordarter samt 

markbruk. 

Tre olika multivariata statistiska analyser användes: en partiell minsta kvadratregression (partial least 

square regression), en binomial logistisk regression (binomial logistic regression), och artificiella 

neurala nätverk (artificial neural networks). Alla tre metoderna har höga förutsägelsenoggrannheter, 

och andelen mark som används för stadsorter i avrinningsområdet samt den lokala lutningen av 

flödkanalen på väg-strömkorsningen identifierades som de viktigaste egenskaperna hos de olika 

avrinningsområdena i det studerade området för att uppskatta sannolikheten för översvämningar sett 

över hela avrinningsområden.  

För att visualisera modellernas resultat och för att jämföra med Trafikverkets Blue Spot metod 

introducerades en översvämningstermometer. Översvämningstermometern sammanfattar 

resultaten från de olika utvecklade modellerna och indikerar graden av översvämningsrisk för varje 

punkt. På detta sätt kan man använda modellerna samt Blue Spot metod som komplement till 

varandra. 

Det är dock viktigt att förbättra insamlingen av översvämningsuppgifter för att öka noggrannheten 

och generaliserbarheten i modellerna. En bra ram för datainsamling är därför mycket viktigt. 

Rekommendationerna till Trafikverket baserade på denna studie är följande: 

• Börja samla in mer data för att förbättra noggrannheten i modellerna 

Denna studie visade att de föreslagna metoderna presterar bra för att förutsäga 

översvämningsrisk. Dock, för att kunna generalisera resultaten och garantera riktigheten, bör fler 

datapunkter insamlas, för vilket ett datainsamlingssystem behövs. 

• Använd modellerna som ett komplement till Blue Spot-metoden.  

Visualiseringen av de föreslagna modellerna med hjälp av översvämningstermometern gör det 

möjligt att jämföra modellernas resultat med resultatet från Blue Spot-metoden. Resultaten 

visade att sårbara punkter baserade på en teknik inte alltid bekräftades av en annan teknik. Därför 



   

 
 

rekommenderas att använda båda metoderna som ett komplement till varandra för att få mer 

exakta förutsägelseresultat. 

• Testa metoderna på olika geografiska regioner 

I denna studie blev metoderna bara testade i två regioner: Västra Götaland och Värmland. De bör 

dock testas på olika regioner. När datapunkter för olika regioner har samlats in, är det lämpligt att 

först göra olika modeller för olika regioner, för att möjliggöra för regionala skillnader, och att sedan 

se hur de jämför med varandra. Olika geografiska regioner kan ha olika viktiga egenskaper för 

översvämningar. Att utveckla olika modeller gör det möjligt att dessa regionala skillnader blir 

tydliga. Om de olika regionala metoderna leder till samma viktiga faktorer, kan de kombineras till 

en mer generell modell. 

• Fokusera skyddsåtgärder mot förutsagda riskområde för att minska översvämningsskador  

De utvecklade modellerna kan användas för att prioritera väg-strömkorsningar baserat på deras 

förutsagda risknivå (vilket indikeras av översvämningstermometrar och Blue Spot-metoden). 

Detta gör det möjligt att rikta underhåll, såsom regelbunden rengöring av trummor, samt 

anpassning, till exempel genom att ersätta gamla trummor med trummor av större dimensioner, 

mot dessa punkter för att minska risken för översvämningsskador. 
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1 Introduction 
The introduction first gives an overview of the relevant background information. Next, the problem is 
defined and the aims and objectives are stated. 

1.1 Background 
This section is split up in two parts: the first part describes the effect of climate change on transport 
infrastructure in Sweden, while the second part gives an overview of recent flood events. 

1.1.1 The Effects of Climate Change on Transport Infrastructure 
Global average temperatures are predicted to increase with between 1.8 and 4.0°C by 2100, 
compared to temperature levels of 1990 (Holgersson et al., 2007). In Scandinavia the temperature 
increase is expected to be even higher than the global average: according to modelling scenarios, the 
average temperature in Sweden will rise with 3.5°C by 2080, compared to temperatures of between 
1960 and 1990 (Holgersson et al., 2007). In addition to such changes in temperature, Sweden’s sixth 
National Communication on climate change (Ministry of the Environment Sweden, 2014) identified 
altered precipitation patterns as one of the main predicted consequences of climate change for 
Sweden.  
 
Overall, forecasting scenarios show rising precipitation levels in the whole of Sweden with the 
exception being some parts in the far south of Sweden (Klimatanpassningsportalen, 2014a; 
Holgersson et al., 2007; Ministry of the Environment Sweden, 2014). Whilst the extent of the rainfall 
change depends on the exact location, the main overall increase in precipitation is forecasted to take 
place in winter (Klimatanpassningsportalen, 2014a; Ministry of the Environment Sweden, 2014; 
Holgersson et al., 2007). Because of this high predicted increase in precipitation, the European 
Commission (Commission of the European Communities, 2007) specifically points out Scandinavia as 
one of the most vulnerable areas for climate change in Europe.  
 
Apart from a general increase in precipitation levels, climate change is also expected to bring along 
more extreme weather events to Sweden, such as intense short-term rainfall (Olsson and Foster, 
2013; Holgersson et al., 2007). A study by Wern (2012) already reported on an increase in extreme 
precipitation events in Götaland, the southern part of Sweden, since 2000. Holgersson et al. (2007) 
stated that the forecasted surges in intense rainfall events are substantial, will increase in severity 
over time, and will be the worst in the western parts of the country. Olsson and Foster (2013) 
forecasted an intense short-term rainfall increase of around 10 % by 2050 and 25 % by 2100.  
 
Many parts of the built environment are vulnerable to such changes in weather patterns (Ministry of 
the Environment Sweden, 2014; IPCC, 2014), where vulnerability can be defined as “the degree of loss 
that may result from the exposure to a hazard” (Brimicombe, 2009, p.103). Because of the predicted 
changes in precipitation and temperature, an increase in the risk for flooding, landslides and erosion 
is to be expected in many parts of Sweden (Ministry of the Environment Sweden, 2014). Especially 
major transport infrastructure such as roads and railways, which are characterized by long lifetimes 
and high investment costs, are vulnerable for changes in climate (Commission of the European 
Communities, 2007; Kalantari and Folkeson, 2013). Many of Sweden’s roads are located near to water, 
with potential consequences being washing away of (at least parts of) the roads, road embankments, 
and bridges (Ministry of the Environment Sweden, 2014).  
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Roads disturb the natural landscape by altering the hydrological responses of watersheds mainly 
because they introduce a new set of drainage features (Wemple, Swanson and Jones, 2001; Tague 
and Band, 2001; Jones, Swanson, Wemple and Snyder, 2000). This impact of roads on the hydrological 
response indicates their importance for flood prediction. Furthermore, flooding is often more severe 
in more urbanized areas, since incremental land use change and an increase in the degree of 
impermeable surfaces can impede the capacity of the soil to take up water (Brimicombe, 2009; 
Klimatanpassningsportalen, 2014b; Olsson and Foster, 2013; Vägverket, 2008).  

Moreover, the infrastructure in place is often built to deal with weather conditions of the past 
(European Commission, 2013) such that it cannot cope with the anticipated changes in the future. In 
rural areas of Sweden, most road drainage structures such as culverts and bridges have been built 
with dimensions able to handle 50-year flood event quantities (Vägverket, 2002) and are mostly based 
on invariable climate expectations (Vägverket, 2008). Additionally, the adjusted dimensioning that 
has recently been done (Vägverket, 2008) is based on a simple static correction factor that does not 
have predictive capabilities to represent changes in climate conditions and land use coverages 
(Kalantari et al., 2015). Changing weather patterns might lead to increased loads on hydraulic 
structures, which can result in a failure of the structure (Brimicombe, 2009). Understanding the 
impacts of climate change on infrastructure thus becomes increasingly important (European 
Commission, 2013) and can help in targeting maintenance (such as unclogging of culverts) and in 
reducing the risk of accidents (Ministry of the Environment Sweden, 2014).  
 
Infrastructure has both a direct value as capital asset and an indirect value as a prerequisite for a 
productive economy (European Commission, 2013). Damage to infrastructure therefore leads to both 
direct costs for restoration and indirect costs because of for example increased travel times, higher 
fuel usage, and replacement modes of transport. Maintenance costs due to weather stresses account 
for 30 % to 50 % of road transport infrastructure costs, and 10 % of this is associated with extreme 
weather events (mainly heavy rainfall and floods) (European Commission, 2013). An inventory made 
by Vägverket (2002) indicated that the restoration cost for about 200 high damage rainfall events and 
many lower ones between 1994 and 2001 in Sweden amounted to between 600 and 700 million SEK, 
and the indirect costs related to increased travel times, traffic accidents, damage to vehicles and 
increased emissions was estimated to account for another 70 million SEK. The importance of 
developing new infrastructure in a climate-resilient way and adapting existing infrastructure to 
changing environmental conditions is thus evident (Commission of the European Communities, 2007). 
While this can be expected to increase the initial investment costs, Hughes et al. (2010) found that 
the costs of adapting infrastructure to climate change is only 1-2 % of the total costs of providing that 
infrastructure. 

 

1.1.2 Recent Flood Events 
In August 2014, heavy rainfall hit the west coast of Sweden. Three areas in specific received 
exceptionally large amounts of rainfall: parts of Västra Götaland, Värmland, and Skåne.  

Large parts of Västra Götaland, an area identified by Holgersson et al. (2007) as vulnerable for 
flooding, was hit by heavy rainfall on the 19th of August 2014 and during the following days (SVT, 
2014a; Länsstyrelsen Västra Götalands län, 2015; Bohusläningen, 2014). In Hällum, 133.7 mm of 
precipitation in 24 hours was observed on the 19th of August, an all-time record (Länsstyrelsen Västra 
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Götalands län, 2015). Damage was considerable around Munkedal, where both roads and railways 
had to be closed down (Bohusläningen, 2014).  

In the same period, heavy rain hit the region of Värmland. Roads on different locations around 
Karlstad, Kristinehamn and Ölme had to be closed off as a result of flooding, some roads collapsed 
entirely and train traffic was interrupted between Karlstad and Kristinehamn (Aftonbladet, 2014; 
nwt.se, 2014; Sveriges Radio, 2014b; Trafikverket, 2014a). An average of 60 mm of rainfall in 
combination with saturated bogs and marshes north of Kristinehamn were reported to be amongst 
the causes of the flooding (nwt.se, 2014). 

On Sunday 31st of August the region Skåne, and especially the city of Malmö, was hit by heavy rainfall 
which led to flash floods and many traffic problems for both roads and railways (Centre for Climate 
Adaptation, n.d.). Many roads, mostly under railway bridges and on viaducts, were flooded and 
people had to be evacuated from buses and cars, in which the water level raised up to the roof (SVT, 
2014c). About 3000 households were cut off the electrical grid and many houses were flooded (SVT, 
2014c). In 24 hours, about 100 millimeter of rain fell, which is a record for Malmö, and more than the 
normal amount for the whole month of August (SMHI, 2014). Rainfall of this extent has a probability 
of happening once every 100 years (SMHI, 2014). 

 

1.2 Problem Definition 
The expected increase in rainfall and higher frequency of extreme events in Sweden have a large 
impact on the transportation network. Recent flood events in both Värmland and Västra Götaland in 
August 2014 led to considerable damage to road and rail infrastructure, and impediments of traffic. 
The reasons behind this flooding on road-stream intersections might be the insufficient dimensioning 
of road drainage structures, not adapted to the expected changes in weather patterns.  

However, in case of heavy rainfall, some watersheds experience flooding while others do not 
(Daeminezhad, 2011). Knowing which areas along roads and railways are vulnerable for flooding can 
help and inform planning authorities in order to minimize the risk of flooding through better planning 
and more effective maintenance. It is therefore key to understand which catchment characteristics 
(e.g., topological and geological factors) and which road characteristics influence flooding probability. 
Several authors have tried to predict flooding along road-stream intersections based on these 
characteristics (see section 2.2). Based on the results of this previous research, the question remains 
whether it is possible to develop a generalized model based on a chosen set of catchment and road 
characteristics that can be applied to predict flooding along road-stream intersections over a wide 
range of areas. Such a model would allow for a quick identification of flood prone areas, compared to 
hydrological models that can require much time investment for calibration and applicant.  

Trafikverket, the Swedish Transport Administration, has made adapting to climate change one of its 
priorities. In its ‘Strategy for Climate Adaptation’ (Trafikverket, 2014c), identifying risk-prone 
elements in road and railway infrastructure is listed as a key focus area, to which this research aims 
to contribute.  
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1.3 Aims and Objectives 
The main aim of this thesis project is to develop a model that can predict flood hazard probability 
along transport infrastructure, based on road/railway and catchment characteristics. This method will 
potentially provide insights into the roles of landscape characteristics and man-made factors in 
determining transport infrastructure-related flood hazards. 

In order to reach this aim, the specific objectives are: 

1. Select flooded and non-flooded road/rail-stream intersections of the 2014 flood events in 
Sweden; 

2. For these, identify the watershed and calculate catchment and road descriptors by use of 
ArcGIS. The set of characteristics that will be considered is based on topography, roads, soil 
type and land use as selected by Kalantari et al. (2014c); 

3. Based on the data calculated in objective 2, use statistical methods to develop a model that 
can predict flood events; 

 
Such a model would be able to be used as a complement to the methods for identifying flood-prone 
areas currently used by Trafikverket, the Swedish Transport Administration, and serve as a tool in its 
climate adaptation strategy. The methods currently used include the ‘Blue Spot’ analysis based on 
topology, ‘Totalstopp’ based on historical records of when roads were closed off, and a method based 
on occurrences of aquaplaning accidents. The current methods do not include information on land 
use or soil type, which will be added in the model that will be developed. Areas that are identified as 
vulnerable for flooding by more than one of the techniques can be given a higher flood risk than areas 
only identified by one of them. 
 

   



   

5 
 

2 Literature Review 
This section gives an overview of the practice of flood modelling. First, different types of models that 
can be used to predict flooding are presented and second, flood modelling based on physical 
catchment descriptors (PCDs) is described in more detail.  

2.1 Flood Modelling  
Mapping flood hazards allows for better preparation for the risks of flooding by identifying vulnerable 
places. Even though “models are necessarily simplifications of reality” (Brimicombe, 2009, p.81), they 
can lead to useful insights.  

Traditionally, hydrological models have been used for mapping flood hazard. However, one of the 
disadvantages of hydrological models is that they have not been effective at presenting the spatial 
aspect that is often involved in flood mapping  (Tehrany, Pradhan and Jebur, 2014). Furthermore, in 
their attempt to account for changes in both space and time, they have evolved towards more data-
hungry approaches (Mcdonnell, 1996). Geographic information systems (GISs) can overcome these 
limitations by their ability to integrate, manipulate, analyze and model spatial hydrological data 
(Mcdonnell, 1996). ”Given that water moving through a landscape is highly sensitive to the spatial 
configuration and characteristics of that landscape, it is perhaps not surprising that hydrological and 
hydrogeological models were used most often to pioneer what became a paradigm shift for both GIS 
and hydrological modeling in the early 1990s” (Brimicombe, 2009, p.188).  

Advantages of using GIS and remote sensing (RS) techniques for hydrological modelling include: easier 
data collection, a reduced need of data compared to hydrological models, the ability to visualize 
spatial data and to integrate data that uses different scales, and the comprehensive, rapid and 
accurate analysis that is possible (Haq et al., 2012; Mcdonnell, 1996; Tehrany, Pradhan and Jebur, 
2014, 2013; Wanders et al., 2014). Because of these reasons, GIS and RS have been gaining popularity 
for hydrological modelling (see for example Chowdary et al. (2012) for simulating runoff in an 
agricultural watershed in India or Drayton et al. (1993) for a rainfall and runoff model), and especially 
for flood prediction modelling (Haq et al., 2012; Pradhan, Hagemann, Shafapour Tehrany and 
Prechtel, 2014; Tehrany, Pradhan and Jebur, 2013).  

There are many examples of flood prediction studies including GIS and RS. For example, Smith (1993) 
developed an urban hydrological model for streets and sewer systems in which distributed parameter 
modelling concepts are applied in a GIS environment. In a more rural context, Bhuiyan and Baky (2014) 
assessed and mapped the flood hazard vulnerability of crops and settlements for different flood 
magnitudes by integrating RS (here LANDSAT and SRTM digital elevation data) with GIS. Wolksi et al. 
(2006) estimated spatially distributed flood characteristics by means of a hybrid reservoir-GIS 
hydrological model of the Okavango Delta in order to determine the ecosystem responses on floods. 
More integrated GIS-based flood models can be found in WetSpa Extension (Liu and De Smedt, 2004) 
or in the decision support system developed by Qi and Altinakar (2011). WetSpa Extension is a 
hydrological flood prediction and water balance simulation model developed for catchment scale, in 
which water and energy balances are maintained in time and space for each raster cell throughout 
the simulation. The model runs on a microcomputer, has a user-friendly interface, and can be applied 
to a wide range of watersheds for simulating the hydrological behaviour taking into account 
topography, soil type and land use data. Qi and Altinakar (2011) developed a decision support system 
for integrated flood management. Their system for simulating two-dimensional floods works within 
the ArcGIS environment and interacts with and utilizes classified RS and other GIS features. The user-
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friendly interface allows the user to run different types of computations, visualize the results, and use 
Monte Carlo simulation to account for uncertainties. 

Furthermore, GIS are often used in combination with statistical models. For example, Tehrany et al. 
(2013) used GIS to prepare a spatial database and then compare the performance of a rule-based 
decision tree (a machine learning statistical analysis technique) to that of a combination of two 
statistical techniques (frequency ratio and logistic regression) to spatially predict flood susceptibility. 
The same authors (Tehrany, Pradhan and Jebur, 2014) also applied a combination of a weights-of-
evidence based statistical method and a support vector machine model in a GIS environment, on a 
flooding event in 2009 in Malaysia. 

Using historical events of natural hazard gives a good indication of areas at risk (Aleotti and 
Chowdhury, 1999; Brimicombe, 2009; Manandhar, 2010; Tien Bui, Pradhan, Lofman and Revhaug, 
2012): “Most natural hazards […] are characterized by nonrandom spatial distributions and can be 
expected to reoccur in the same locations” (Brimicombe, 2009, p.101). Other flood prediction 
modelling techniques are artificial neural networks, sometimes in combination with GIS (see for 
example Kia et al. (2011)), and qualitative methods like analytical hierarchy processes, although they 
often require expert knowledge and are thus prone to subjectivity (Aleotti and Chowdhury, 1999; 
Tehrany, Pradhan and Jebur, 2013). 

Integrating different tools can help to overcome the shortcomings of a single technique (Tehrany, 
Pradhan and Jebur, 2013) and can lead to a more integrated assessments of all aspects (e.g., physical, 
biotic, social, economic) of the studied problem if sustainable solutions to problems are to be achieved 
(Brimicombe, 2009, p.197).  

Recently, attempts have been made to predict flooding on road-stream intersections based on 
characteristics of the catchment area and of roads (see Daeminezhad (2011) and Kalantari et al. 
(2014c)). Since this type of modelling will be at the basis of this study, the next section explains it in 
more detail. 

2.2 Physical Catchment Descriptors for Flood Modelling on Road-Stream Intersections 

Catchment characteristics such as land use, soil type and topography influence the response of a 
watershed to heavy rainfall (Kalantari et al., 2014a; b; Tehrany, Pradhan and Jebur, 2013; Yeo, Gordon 
and Guldmann, 2004). For example, Tehrany et al. (2013) found that land use and land cover are the 
most important factors to predict flooding, where cleared land and urban land use encountered the 
highest risks for flooding, and land covered by shrubs were best protected. Kalantari et al. (2014b) 
also stressed the influence of land use on flooding occurrence. They found that clear-cutting a 
catchment area causes a rise in peak discharge during storm events, and that reforestation proved to 
be most effective of the tested remedial measures to reduce peak flow and total runoff (Kalantari et 
al., 2014b). 

As mentioned in section 1.1, roads alter the hydrological responses of watersheds mainly because 
they introduce a new set of drainage features (Wemple, Swanson and Jones, 2001; Tague and Band, 
2001; Jones et al., 2000). The impact of roads on hydrological behaviour has also been studied by 
Nickman (2014). 
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Based on these insights and on the fact that during heavy rainfall events some watershed outlets flood 
and others do not (Daeminezhad, 2011), several authors have tried to develop models that can predict 
flooding along road-stream intersections based on the characteristics of the watershed and of the 
roads, together called physical catchment descriptors (PCDs) (Daeminezhad, 2011; Kalantari et al., 
2014c; Nickman, 2014). Use of these characteristics allows for quick insights into which places are 
vulnerable for flooding and which ones are not, so that the right measures can be concentrated on 
these areas. 

More specifically, Daeminezhad (2011) selected 18 watershed characteristics and 6 road descriptors 
and tested their relative importance on a flooding event in Värmland in 2004. The results showed that 
for the selected case study, the more important watershed descriptors to predict flooding were 
topographic wetness index, drainage density and distribution of soil type, and that the most relevant 
road descriptors were contributing length of the road to the road-stream cross section, channel slope 
at the road-stream cross section and slope state before the road-stream cross section. According to 
the author (Daeminezhad, 2011), combining these can help to identify critical spots that have a higher 
risk of flooding.  

Kalantari et al. (2014c) applied the technique suggested by Daeminezhad (2011) on flooding events in 
Värmland in 2004 and used a principle component analysis and partial least square technique in order 
to remove redundant PCDs. As a result, a set of 14 PCDs was obtained, as represented in Table 1. This 
set of 14 PCDs will be at the basis of the current study. 

 

Table 1: Selected physical catchment descriptors Kalantari et al. (2014c) 

Type Physical catchment descriptor 

Topography 1 Catchment elevation 

2 Drainage density 

3 Channel slope 

4 Topographical wetness index 

5 Road density 

Soil type 6 Gravel 

7 Sand 

8 Till 

9 Peat 

10 Rock 

Land use 11 Agricultural land 

12 Forest 

13 Grassland 

14 Surface water and wetland 
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3 Methodology 
This section first gives a detailed overview of the selected study area and identifies the flooded and 
non-flooded road-stream and railway-stream intersections. For simplicity, the term ‘road-stream 
intersections’ and ‘road characteristics’ will from now on be used to refer to both road and railway. 
Then, the calculation of the PCDs in GIS is explained, after which the different statistical methods are 
introduced. 

3.1 Study Areas 
Two areas were chosen as case study areas: Västra Götaland and Värmland. Figure 1 illustrates their 
location in Sweden.  

  
Figure 1: Location of study areas in Sweden 

3.1.1 Västra Götaland 
Holgersson et al. (2007) identified Västra Götaland, a province located in the southwest of Sweden, 
as especially susceptible for flooding, both because of the general increase in precipitation levels and 
because of a surge in intensive short-term rainfall events. On the evening of the 19th and on the 20th 
of August 2014, heavy rainfall hit Västra Götaland, as described in section 1.1.2. The extreme rainfall 
led to multiple flooding events with severe damage as a result. Consequences included damage to 
roads and railways, traffic delays, increased traffic pressure on other transport modes (both roads 
and ferry), increased frequency of other traffic modes (replacement buses and extra ferries), as well 
as damage to buildings and telephone and electricity black-outs with associated problems for services 
such as home nursing and family care (Bohusläningen, 2014; SVT, 2014b). 

Specifically, five different points where flooding occurred on transport infrastructure have been 
selected for Västra Götaland, as well as 10 non-flooded road-stream intersections needed for 
modelling. Figure 2 illustrates the location of all the selected points for Västra Götaland. The exact 
coordinates of these points can be found in Appendix 1.  
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Figure 2: Select flooded and non-flooded points Västra Götaland - based on Google Maps (2015a) 

Table 2 summarizes some details of the flooded road-stream intersections: it specifies the town, the place 
description and which road or railway was impacted. In what follows some more information for each of 
these points is given. 
 
Table 2: Flood events Västra Götaland 

ID Town Place description Impacted infrastructure 

1 Uddevalla Hogstorpsmotet Road E6 

2 Uddevalla Kråkeröd Railway Bohusbanan 

3 Munkedal Småröd Railway Bohusbanan 

4 Munkedal Säleby  Road E6 

5 Munkedal Båthamnen Road 815 

 

Bohusbanan, the railway line between Gothenburg and Strömstad, was heavily impacted by the 
extreme rainfall. On two places along Bohusbanan, in Småröd (point 3) and Kråkeröd (point 2), where 
a small creek normally flows under the railways the railway embankment was washed away entirely, 
resulting in rails floating at a height of up to 1.5 meter and 0.5 meter in the air in Småröd and Kråkeröd 
respectively (see Figure 3 and Figure 4) (SVT, 2014a; Svenska Dagbladet, 2014). A total of 15 to 20 
meter of railway embankment disappeared (SVT, 2014a; Svenska Dagbladet, 2014). According to 
estimates, the water level at Småröd can have been as high as 3 meters (SVT, 2014a; Svenska 
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Järnvägsklubben, 2014). The suggested explanation was that the culverts under the rail tracks could 
not swallow the large amounts of water (Svenska Järnvägsklubben, 2014).  

 
Figure 3: Damaged railway Bohusbanan Småröd 

(Trafikverket, 2014b with permission of Eva Liljegren) 

 
Figure 4: Damaged railway Bohusbanan Kråkeröd 

(Trafikverket, 2014b with permission of Eva Liljegren) 

On the 19th and 20th of August 2014, large parts of the E6 motorway were flooded (Svenska Dagbladet, 
2014). During the night of August 19th and morning of August 20th, the E6 was closed for traffic 
between Hogstorpsmotet and Torpsmotet (point 1) because of the large amount of water on the road 
(see Figure 5) (Trafikverket, 2014b).  The closure of the road led to traffic jams and increased pressure 
on the ferry in Finnsbo, and pumps had to be used to dispose of the water (Trafikverket, 2014b). 

 
Figure 5: Flooding on E6 

 (Bohusläningen, 2014 with permission of Eva Liljegren) 

The E6 was furthermore closed-off between highway exits Håby and Munkedal (point 4) (TTELA, 
2014). Just south-west of Munkedal, nearby the boat harbour, road 815 collapsed because of a large 
flow of water (point 5) (SVT, 2014b; TTELA, 2014). 

Since several newspaper articles (Göteborgs-Posten, 2014a; TTELA, 2014) stated that many other 
small roads were flooded, non-flood points were only chosen along roads that were certainly open 
for traffic. Thus, 10 non-flood points were chosen amongst stream-road intersections along road 161 
and 162 as well as on parts of the E6 that were open for traffic (see Figure 2). Furthermore, it was 
made certain that the streams crossed the roads by means of a culvert (no large bridges were 
allowed).  
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3.1.2 Värmland 
Shortly after the storm in Västra Götaland, the province of Värmland, in mid-Sweden, was hit by heavy 
rainfall from the 21st to the 25th of August 2014, as described in section 1.1.2 (Trafikverket, 2014a). As 
in Västra Götaland, multiple flood events led to considerable road damage and traffic impediments 
for both roads and railways (Aftonbladet, 2014). Kristinehamn and Väse were amongst the heaviest 
impacted (nwt.se, 2014). The E18 in Kristinehamn was completely closed off for traffic on several 
places so traffic was redirected to communal roads instead (nwt.se, 2014; Sveriges Radio, 2014b). 
High water levels around Ölme forced the train traffic between Karlstad and Kristinehamn to be 
interrupted (Aftonbladet, 2014; nwt.se, 2014), with effects on both local train traffic in Värmland as 
well as on long distance train traffic between Oslo/Karlstad/Göteborg and Stockholm (Aftonbladet, 
2014; nwt.se, 2014; Sveriges Radio, 2014b). The cause of the heavy thunderstorm was a combination 
of warm summer weather that warmed Vänern’s water, and a stream of moist air from the south-
west, as well as a quick cool off (nwt.se, 2014).  

In Värmland, 9 different points where flooding occurred on transport infrastructure have been 
selected, as well as 15 non-flooded road-stream intersections needed for modelling (see Figure 6). The 
exact coordinates of these points can be found in Appendix 1. 
 

 
Figure 6: Selected flooded and non-flooded points Värmland - based on Google Maps (2015b) 

Table 3 summarizes some details of the flooded road-stream intersections: as above, it specifies the town, 
the place description and which road or railway was impacted. In what follows some more information for 
each of these points is given. 
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Table 3: Flood events Värmland 

ID Town Place description Impacted infrastructure 

16 Karlstad Ikea  Road E18 

17 Karlstad Fintatorp Road E18 

18 Karlstad Ridhuset Road 702 

19 Väse Gamla E18 Road Gamla E18 / 571 

20 Kristinehamn Strandvägen Road Strandvägen 

21 Kristinehamn Kristinehamn E18 Road E18 

22 Kristinehamn Rådmansgatan Road Rådmansgatan 

23 Kristinehamn Lagmansgatan Road Lagmansgatan 

24 Kristinehamn Östra Ringvägen Road Östra Ringvägen 

 

Around Karlstad, the E18 had to be closed off on August 23rd 2014 between highway exits 
Skutbergsmotet and Bergviksmotet in both directions because of the high water levels on the road 
nearby Karlstad’s IKEA, as can be seen in Figure 7 (point 16) (Trafikverket, 2014a). A bit further towards 
the west, the E18 was also flooded near Fintatorp (point 17) (see Figure 8) (SVT Nyheter Värmland, 
2014b). Furthermore, road 702 in Karlstad municipality was flooded where the riding stables (point 
18) are located, shortly west of the traffic junction Katås (Trafikverket, 2014a).  

 

 
Figure 7: Flooding E18 Karlstad – Ikea 

 (SVT Nyheter Värmland, 2014b with permission of Tomas Skoglund) 

 

 
Figure 8: Flooding E18 Karlstad  - Fintatorp 

 (SVT Nyheter Värmland, 2014b with permission of Tomas Skoglund) 

The municipality of Väse was amongst the heaviest impacted areas in Värmland (nwt.se, 2014). Väse 
received around 60 mm of rainfall in 24 hours on the 21st of August (nwt.se, 2014). Road 571, also 
known as the old E18 (Gamla E18, point 19), flooded and was destroyed nearby Rör, north of the lake 
Planken, on a place where there is normally a small stream going under the road (Sveriges Radio, 
2014c). See Sveriges Radio (2014c) for an image. 

Together with Väse, Kristinehamn was amongst the heaviest impacted regions of the heavy August 
rainfall in Värmland (nwt.se, 2014). Some sources noted almost 100 mm rainfall in a short period of 
time during the night to the 21st of August (Sveriges Radio, 2014b). Part of the road Lagmangsgatan 
(point 23) in Kristinehamn collapsed completely because of the water (Sveriges Radio, 2014a). See 
Sveriges Radio (2014a) for pictures. 
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The E18 in Kristinehamn, around the crossing with Rådmansgatan (point 22), was completely flooded 
too (see Figure 9). The water washed away part of the road embankment (see Figure 10). Further, the 
E18 in Kristinehamn at Mariebergsmotet flooded (point 21) (see Figure 11) (SVT Nyheter Värmland, 
2014a; Trafikverket, 2014a). Closeby, Strandvägen (point 20) was also flooded (see Sveriges Radio 
(2014b) for pictures) (SVT Nyheter Värmland, 2014a). More in the center of Kristinehamn, Östra 
Ringvägen (point 24) collapsed because of flooding (see Figure 12) (SVT Nyheter Värmland, 2014c). 

 

 
Figure 9: Flooding E18 Kristinehamn - Rådmansgatan 
(Trafikverket, 2014b with permission of Eva Liljegren) 

 
Figure 10: Flooding E18 Kristinehamn - Rådmansgatan 
(Trafikverket, 2014b with permission of Eva Liljegren) 

 
Figure 11: Flooding E18 Kristinehamn - Mariebergsmotet  

(SVT Nyheter Värmland, 2014a with permission of Tomas Skoglund) 

 
Figure 12: Flooding Kristinehamn  - Östra Ringvägen 

 (SVT Nyheter Värmland, 2014c with permission of Tomas Skoglund) 

A total of 15 non-flood points was chosen along roads that could be assumed not to have flooded, 
such as parts of the E18 that were not closed off for traffic and other nearby roads for which no 
damage was reported in the media (see Figure 6).  
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3.2 Data Collection and PCD Calculation 
This section describes which data was used and how the physical catchment descriptors (PCDs) were 
calculated. 

3.2.1 Data Collection 
The GIS data layers needed for PCD calculation were obtained from the Swedish land survey agency 
(Lantmäteriet) and from the Geological Survey of Sweden (Sveriges Geologiska Undersökning), made 
available through the Swedish University of Agriculture Sciences (Geodata, 2015; Sveriges Geologiska 
Undersökning, n.d.; Sveriges lantbruksuniversitet, n.d.). A list of which GIS files were used for 
calculation of the different PCDs can be found in Appendix 2. 

3.2.2 PCD Calculation 
The software used for the PCD calculations is ArcGIS for desktop edition 10.2.2 (ESRI, 2014), together 
with the ArcHydro extension (ESRI, n.d.) for terrain processing and watershed processing. First, for 
each identified flooded and non-flooded point (see section 3.1), a watershed was delineated 
representing the whole upstream area draining to that point. These catchment areas were then used 
for calculation of the different PCDs. In what follows the PCDs and their calculation are briefly 
described. The exact details can be found in Appendix 2. 

In total, 17 PCDs were considered: catchment size, average catchment elevation, drainage density, 
local channel slope, maximum topographical wetness index (TWI), road density, six soil type indicators 
(share of gravel, sand, till, peat, clay, and rock) and five land use indicators (share of urban land, 
agriculture, grassland, forest, and water bodies & wetland): 

1. Catchment size [m²] 

The catchment size is the size of the upstream area draining to the road-stream intersection. 
2. Average catchment elevation [m] 

The DEM (digital elevation model) raster was clipped to the watershed boundaries and the 
average elevation within each catchment was then calculated. 
3. Drainage density [m/ha] 

Drainage density is defined as the total length of streams divided by the area of the watershed. 
First, the streams were clipped to the watershed boundaries, and then their total length was 
calculated [m]. Dividing the total length of the streams by the catchment area [ha] results in 
the drainage density [m/ha]. 
4. Local channel slope [%] 

The local channel slope was calculated by identifying the elevation at the road-stream 
intersection (z1) and at a point 50 m up the stream (z2). The local channel slope [%] was then 
calculated as 100*(z2-z1)/50. 
5. Maximum topographical wetness index (TWI) [-] 

The topographical wetness index (TWI) is a measure of water accumulation in a catchment 
and indicates for each point in the area its capability to develop saturated conditions (Beven, 

2012). TWI can be calculated as 𝑇𝑊𝐼 = ln(
𝑎(𝑥)

𝑡𝑎𝑛𝛽(𝑥)
), in which a(x) represents the local upslope 

area draining to a point (x) per unit contour length of that point (x) and β(x) is the local slope 
in radians (Beven, 2012). High values of TWI are a result of a large contributing slope area or 
of a convergence of long slopes to the point (Beven, 2012). Based on this calculation, the 
resulting TWI raster was clipped to the watershed areas and the maximum TWI of the 
watershed was noted as PCD. 
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6. Road density [m/ha] 

All roads (including paths and bicycle lanes) and railways were clipped within the boundaries 
of each watershed and the total length [m] was then calculated. Dividing this result by the 
catchment area [ha] results in the road density [m/ha].  
7. Soil type [%] 

The different soil types in the soil layer (in vector format) were first reclassified into the 
following main  categories: gravel, sand, till, peat, clay, water, and rock (see Appendix 3). Next, 
the layer was clipped to the watershed extent and then converted from vector format to 
raster format. The share of each soil type within each watershed was then calculated. As PCD, 
the share of gravel, sand, till, peat, clay and rock was reported. Whilst clay was not included 
in the study done by  Kalantari et al. (2014c) because there was no clay in the considered study 
area, the current study area does include clay and thus clay was added to the PCDs. The soil 
category ‘water’ is not used since water bodies and wetlands are accounted for in the land 
use categories (see below). 
8. Land use [%] 

The land use data for the study areas was reclassified into five main classes: urban areas, 
agriculture, forest, grassland, and water bodies and wetland. Next, the data was clipped to 
the watershed extent. The share of each land cover type (urban land, agriculture, forest, 
grassland and water bodies and wetland) for each catchment area was then calculated. The 
exact reclassification information can be found in Appendix 4. 

 

3.3 Statistical Methods 
Based on the collected data on watershed PCDs for the flooded and non-flooded points, three 
methods were used to predict whether a catchment is prone for flooding or not: partial least square 
regression, binomial logistic regression, and artificial neural networks. This section introduces each of 
these methods. 

3.3.1 Partial Least Square Regression 
A partial least square regression (PLS) is an extension of the traditional multiple linear regression 
model. A traditional multiple linear regression model can no longer be used when the predictor 
variables are highly correlated or when there are many variables compared to the number of 
observations. A PLS regression, on the other hand, is able to overcome these issues (Sanchez, n.d.). 
Since the five PCDs indicating the different land use types and the six PCDs indicating the soil type 
both sum up to 100 % in each catchment, they are highly correlated. The total number of observations 
(39 catchments) is moreover low compared to the number of predictor variables (17 PCDs). For these 
reasons, a PLS analysis seems appropriate.  

Like a normal multiple linear regression model, PLS aims to deduct a linear model Y = XB + E, where Y 
is a n x m matrix presenting the response (n cases and m response variables), and X is an n x p predictor 
matrix (n cases and p predictor variables). B is a p x m regression coefficient matrix, and E is a matrix 
with residual error with same dimensions as Y (StatSoft Inc., 2015b). In this study, Y is a one variable 
matrix (39x1) presenting the absence or presence of flooding for all catchments, and X is a (39x17) 
matrix containing the 17 PCDs for the 39 studied catchments.  

PLS regression looks for (latent) components T (with T being the matrix of components) that allow to 
decompose both the predictors and the response as follows: 
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X = TP + Residuals 

Y = TC + error 

Each of the (latent) components t is a weighted sum of the predictors (for example, t1 = w11x1+…+wpxp) 
that tries to be a good approximation of X while at the same time explaining the variance in the 
response Y (Sanchez, n.d.). What makes PLS special is thus the way in which these weights are 
calculated: it tries to maximize the covariance between X and Y (Partial Least Squares Regression 1 
Introduction (2/4), 2011). At the same time, the condition applies that the extracted components have 
to be orthogonal, which solves the problem of potentially strongly correlated variables (Sanchez, n.d.). 
A more detailed description of the PLS algorithm can be found in StatSoft Inc. (2015b) and Geladi and 
Kowalski (1986). 

The software used for the PLS regression was STATISTICA (StatSoft Inc., 2015c) and SPSS (IBM Corp., 
2013). 
 

3.3.2 Binomial Logistic Regression 
Binomial logistic regression is a statistical technique that “attempts to predict the probability that an 
observation falls into one of two categories of a dichotomous dependent variable based on one or 
more independent variables that can be either continuous or categorical” (Laerd Statistics, 2013). 
Here, this technique can be used to assess the probability whether a stream-road intersection will be 
flooded or non-flooded (dichotomous dependent variable with two categories: flooded and non-
flooded) based on one or more PCDs, here all continuous variables (independent variables). In order 
to use binomial logistic regression, however, the independent variables are not allowed to show 
multicollinearity, meaning that they cannot be dependent on each other (Statistics Solutions, 2015). 
Since the percentages of land use and soil type in each catchment both sum up to 100 %, the variables 
representing their respective shares are multicollinear. It can also be expected that some other PCDs 
are related, for example road density and share of urban land use. Therefore, binomial logistic 
regression cannot be used for a model including all PCDs. However, PLS can be used to first determine 
the most influential parameters after which a binomial logistical regression can be used based on the 
identified influential parameters.  

The binomial logistic regression was performed with SPSS (IBM Corp., 2013). 

3.3.3 Artificial Neural Networks 
Artificial neural networks are a type of sophisticated modelling and prediction technique capable of 
deducting rules and trends from complicated and noisy data (StatSoft Inc., 2015a). Their functioning 
is based on the ‘learning by example’-principle: by feeding a neural network with a training data set, 
it applies training algorithms to learn the structure of the data. The performance of the resulting 
neural network is then tested on a ‘testing set’, a subset of the data that is kept apart to test the 
performance of the neural network.  

The ‘capacity to learn’ functioning of artificial neural networks is based on biological neural systems 
(StatSoft Inc., 2015a): artificial neural networks exist of input neurons, hidden neurons and output 
neurons (see Figure 13). The input neurons to a neural network carry the information from the outside 
world, in this case the PCDs. The output neurons of the neural network present the predicted 
outcome, here indicating whether there is a risk of flooding or not. The hidden neurons are of 
importance for the internal functioning of the network: an activation function connects the input 
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neurons to the hidden neurons, and the hidden neurons to the output neurons. When a neural 
network performs training on a training dataset, it adjusts the weights of the activation functions. 
Based on the resulting error function (which measures how close the network predictions are to the 
observed output) associated with the current weights, the training process will keep adjusting the 
weights in a iterative way until the required performance is reached. For a more detailed description 
of the functioning of artificial neural networks, see StatSoft Inc. (2015a).  

 
Figure 13: Neural network with 3 input neurons, 2 hidden neurons and 1 output neuron 

The benefit of neural networks over more traditional statistical techniques (such as binominal logistic 
regression) is that they can deal with complicated mathematical functions that are impossible to 
model using analytic or parametric techniques (StatSoft Inc., 2015a). Since the relationship between 
PCDs and the probability of flooding can be assumed to be a complex combination of all PCDs, 
classification artificial neural networks will be used. This means that the networks assign a class 
membership ‘flood’ or ‘non-flood’ to the road-stream intersections according to their vulnerability for 
flooding, based on the PCD values. 

The artificial neural networks were created with STATISTICA (StatSoft Inc., 2015c). 

3.4 Assumptions and Limitations 
The approach taken here to predict flooding is based on some assumptions. First of all, previous 
studies done by Daeminezhad (2011) and Kalantari et al. (2014c) formed the starting point on which 
the choice of PCDs is based. However, the explanatory value of the PCDs selected by Kalantari et al. 
(2014c) was based on their ability to explain the variability in the particular geographical area under 
consideration. Since this study focuses on two new case studies, it is possible that other PCDs would 
be found to be more explanatory. As the case studies are all based in mid-Sweden, however, it can be 
assumed that their explanatory ability is similar and therefore this assumption was taken. Next, 
indicators that were not part of the initial research of Daeminezhad (2011) and Kalantari et al. (2014c) 
such as for example the size of the culvert, are also not considered. Furthermore, the model is based 
on static indicators of the watersheds. This means that other potentially important but dynamically 
changing factors such as the state of saturation of the soil, are not taken into account.  
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4 Results 
As was mentioned in the methodology, three techniques for flood modelling were used: partial least 
square regression, binomial logistic regression and artificial neural networks. The result of the three 
techniques are presented here. 

4.1 Partial Least Square Regression 
The first technique used to predict flooding on road-stream intersections was partial least square 
regression. The main results are described here. Some more details about the performed PLS can be 
found in Appendix 6. 

The PLS regression was performed with the 17 PCDs as independent variables, and flooding as 
dependent variable. The value of flooding was set to 1 in the flooded watersheds and to 0 for the non-
flooded ones. The figure below (Figure 14) shows the variability in the data that can be explained by 
the model, in terms of the number of (latent) components. Since the R² values for the Y values 
(representing flooding) levelled off at six components, six components were maintained for the rest 
of the analysis. 

 

Figure 14: PLS regression: R²-values vs. number of components 

The resulting PLS model has an R²(Y) value of 83.32% (for exact numbers see Table 12 in Appendix 6), 
meaning that it is able to explain 83.32% of the variability in the data. The resulting equation of the 
PLS regression is the following: 
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𝐅𝐥𝐨𝐨𝐝𝐢𝐧𝐠 = −0.4657 + 0.0000 ∗ 𝐬𝐢𝐳𝐞 + 0.0203 ∗ 𝐞𝐥𝐞𝐯𝐚𝐭𝐢𝐨𝐧– 0.0009
∗ 𝐝𝐫𝐚𝐢𝐧𝐚𝐠𝐞𝐝𝐞𝐧𝐬𝐢𝐭𝐲 + 0.2101 ∗ 𝐜𝐡𝐚𝐧𝐧𝐞𝐥𝐬𝐥𝐨𝐩𝐞– 0.0504 ∗ 𝐓𝐖𝐈– 0.0099
∗ 𝐫𝐨𝐚𝐝𝐝𝐞𝐧𝐬𝐢𝐭𝐲– 0.0582 ∗ 𝐠𝐫𝐚𝐯𝐞𝐥 + 0.0091 ∗ 𝐬𝐚𝐧𝐝 − 0.0207 ∗ 𝐭𝐢𝐥𝐥
+ 0.0009 ∗ 𝐩𝐞𝐚𝐭 + 0.0158 ∗ 𝐜𝐥𝐚𝐲 + 0.0061 ∗ 𝐫𝐨𝐜𝐤 + 0.0856
∗ 𝐮𝐫𝐛𝐚𝐧𝐥𝐚𝐧𝐝– 0.0075 ∗ 𝐚𝐠𝐫𝐢𝐜𝐮𝐥𝐭𝐮𝐫𝐚𝐥𝐥𝐚𝐧𝐝 + 0.0312
∗ 𝐠𝐫𝐚𝐬𝐬𝐥𝐚𝐧𝐝– 0.0044 ∗ 𝐟𝐨𝐫𝐞𝐬𝐭 + 0.0118 ∗ 𝐬𝐮𝐫𝐟𝐚𝐜𝐞𝐰𝐚𝐭𝐞𝐫𝐚𝐧𝐝𝐰𝐞𝐭𝐥𝐚𝐧𝐝 

(1) 

 

  

Using a cut-off value of 0.5, values above 0.5 are classified as ‘flooded’ and values below 0.5 as ‘non-
flooded’. The resulting regression equation (1) is able to correctly classify all flooded and non-flooded 
points, as can be seen Figure 15. 

 

Figure 15: PLS regression: Predicted vs. observed flooding 

The regression coefficients in equation (1) are partial regression coefficients, and can thus not be used 
easily for identifying the most explanatory variables. Since the first three components of the PLS 
regression contain most of the explanatory value of the model (28.25 %, 19.76 % and 18.62 % 
respectively, see Figure 14 and Appendix 6), it is helpful to investigate which PCDs are mostly 
responsible for this explanatory value.  Figure 16 presents the individual PCD weights for the first two 
components of the PLS regression and Figure 17 present the cumulative weights for the first three 
components.  
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Figure 16: PCD weights for PLS components 1 and 2 

 
Figure 17: Distances of cumulative PCD weights for 3 components 
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In Figure 16, PCDs further away from the center have a higher contribution in explaining the variance 
of the components and thus of the predicted outcome.  The figure indicates that the PCD representing 
the share of urban land in the catchment and the PCD describing the local channel slope have the 
highest impact in predicting the result. Additional information presented in Figure 17 shows that the 
share of soil type till as well as the amount of grassland are also important when considering the first 
three components. 

In order to test the performance of the PLS method, an iterative leave-one-out cross-validation 
technique was used. In each iteration, one catchment was excluded from the modelling and a new 
equation was built using all other catchments. This equation was then used to predict the value for 
flooding for the catchment that was not included. This procedure was then repeated for all 
catchments. Using a cut-off value of 0.5 between flooding and non-flooding, the model was able to 
correctly predict the outcome in 85 % of the catchments (see Appendix 7). 

 

4.2 Binomial Logistic Regression 
Based on the results of the PLS regression, a binomial logistic regression was performed. This section 
presents the main results of the two binomial logistic regression models that were created. Some 
more details can be found in Appendix 8. 

4.2.1 Binomial Logistic Regression 1: Four Independent Variables 
Based on the results of the PLS regression, a binomial logistic regression was performed with share of 
urban land use, local channel slope, share of till and share of grassland as the four independent 
variables. These were the four variables identified by the PLS as being most influential in predicting 
flooding.  

The resulting logistic regression model was found to be statistically significant: with χ² = 17.932, the 
p-value is smaller than 0.05 (see Appendix 8). The model was able to correctly classify the catchments 
in 84.6 % of the cases, as can be seen in Table 4. 

 
Table 4: Classification table binomial logistic regression - four independent variables 

Classification Table 

 

 

Observed 

Predicted 

Flooding Percentage 

Correct No Flooding Flooding 

Step 1 Flooding No Flooding 22 3 88,0 

Flooding 3 11 78,6 

Overall Percentage   84,6 

a. The cut value is ,500 
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Table 5 gives an overview of the variables used in the binomial logistic regression. Column ‘B’ presents the 

resulting regression coefficients. 

 
Table 5: Variables in the binomial logistic regression - four independent variables 

Variables in the Equation 

 B S.E. Wald df Sig. Exp(B) 

95% C.I.for EXP(B) 

Lower Upper 

Step 1a Urban ,507 ,210 5,834 1 ,016 1,660 1,100 2,504 

Channel Slope 1,295 ,511 6,423 1 ,011 3,652 1,341 9,944 

Till -,042 ,030 1,874 1 ,171 ,959 ,904 1,018 

Grassland ,088 ,062 1,998 1 ,157 1,092 ,967 1,233 

Constant -3,843 1,331 8,332 1 ,004 ,021   

a. Variable(s) entered on step 1: Urban, Channel Slope, Till, Grassland. 

 

Using the values found in column ‘B’ of Table 5, the binomial logistic regression equation can be 
written as follows:  

𝐿𝑜𝑔 − 𝑜𝑑𝑑𝑠(𝐹𝑙𝑜𝑜𝑑𝑖𝑛𝑔)
= −3.843 + 0.507 ∗ 𝑢𝑟𝑏𝑎𝑛 + 1.295 ∗ 𝑐ℎ𝑎𝑛𝑛𝑒𝑙𝑠𝑙𝑜𝑝𝑒 − 0.042 ∗ 𝑡𝑖𝑙𝑙 + 0.088
∗ 𝑔𝑟𝑎𝑠𝑠𝑙𝑎𝑛𝑑 

(2) 

 

 

To find the associated probability of flooding, the result has to be converted from log-odds to 

probability using following conversion equation: 

𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦(𝐹𝑙𝑜𝑜𝑑𝑖𝑛𝑔) =
𝑒𝑙𝑜𝑔−𝑜𝑑𝑑𝑠(𝐹𝑙𝑜𝑜𝑑𝑖𝑛𝑔)

1 + 𝑒𝑙𝑜𝑔−𝑜𝑑𝑑𝑠(𝐹𝑙𝑜𝑜𝑑𝑖𝑛𝑔)
 

(3) 

 
For example, the watershed of flood point Rådmansgatan in Värmland has a share of urban land of 
1.78 % and a local channel slope of 3.40 %, a share of till of 42.25 % and a share of grassland of 10.06 % 
(see Appendix 5). Filling in these values in equation (2) leads to: 

𝐿𝑜𝑔 − 𝑜𝑑𝑑𝑠(𝐹𝑙𝑜𝑜𝑑𝑖𝑛𝑔(𝑅å𝑑𝑚𝑎𝑛𝑠𝑔𝑎𝑡𝑎𝑛))

= −3.846 + 0.507 ∗ 1.78 + 1.295 ∗ 3.40 − 0.042 ∗ 42.25 + 0.088 ∗ 10.06
= 0.57 

(4) 

 

 

Converting this result the flood probability using equation 3 above leads to: 

𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦(𝐹𝑙𝑜𝑜𝑑𝑖𝑛𝑔(𝑅å𝑑𝑚𝑎𝑛𝑠𝑔𝑎𝑡𝑎𝑛))) =
𝑒0.57

1 + 𝑒0.57
= 0.64 

(5) 

 
Using a cut-off value between flooding and non-flooding of 0.5, this result is classified as ‘flooding’. 
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However, only the variables ‘urban’ and ‘channel slope’ were found to be statistically significant (p < 
0.05) (see column ‘Sig.’ in Table 5). The variables till and grassland were not statistically significant. 
Therefore, a second binomial logistic regression was done with only ‘urban’ and ‘channel slope’ as the 
independent variables.  
 

4.2.2 Binomial Logistic Regression 2: Two Independent Variables 
Based on the results of the PLS regression (see section 4.1) and the previous binomial logistic 
regression (see section 4.2.1), a binomial logistic regression was performed with only share of urban 
land use and local channel slope as the independent variables, the two variables identified by the PLS 
as being most influential in predicting flooding and as found significant by the previous binomial 
logistic regression. 

The logistic regression model was found to be statistically significant: with χ² = 14.965, the p-value is 
smaller than 0.05 (see Appendix 8). As shown in Table 6, the model was able to correctly classify the 
catchments in 76.9 % of the cases.  

Table 6: Classification table binomial logistic regression - two independent variables 

 

Both variables ‘urban’ and ‘channel slope’ were statistically significant (p < 0.05) (see column ‘Sig.’ in 
Table 7). 

Table 7: Variables in the binomial logistic regression - two independent variables 

Variables in the Equation 

 B S.E. Wald df Sig. Exp(B) 

95% C.I.for EXP(B) 

Lower Upper 

Step 1a Urban ,436 ,191 5,190 1 ,023 1,547 1,063 2,250 

Channel Slope 1,013 ,443 5,229 1 ,022 2,755 1,156 6,566 

Constant -2,942 ,924 10,129 1 ,001 ,053   

a. Variable(s) entered on step 1: Urban, Channel Slope. 

 

Using the values found in the column ‘B’ of Table 7, the binomial logistic regression equation can be written 
as:  

𝐿𝑜𝑔 − 𝑜𝑑𝑑𝑠(𝐹𝑙𝑜𝑜𝑑𝑖𝑛𝑔) = −2.942 + 0.436 ∗ 𝑢𝑟𝑏𝑎𝑛 + 1.013 ∗ 𝑐ℎ𝑎𝑛𝑛𝑒𝑙𝑠𝑙𝑜𝑝𝑒 (6) 

No Flooding Flooding

Percentage 

Correct

22 3 88.0

6 8 57.1

76.9

Observed

No Flooding

Flooding

Overall percentage

a. The cut value is 0.50

Classification Table

Predicted



   

24 
 

4.3 Artificial Neural Networks 
The third method used to predict the risk of flooding at road-stream intersections was based on the 
construction of artificial neural networks. The artificial neural networks were created in STATISTICA 
(StatSoft Inc., 2015c). Some technical details about the set-up can be found in Appendix 9.  

To construct the artificial neural networks and to test their performance, the dataset was split up in a 
training set and a testing set. In each output category (flood and non-flood) and in each province 
(Västra Götaland and Värmland), 20 % of the cases was randomly assigned to the testing set, and the 
others were used for training (see Appendix 10).  

1000 neural networks were created and the five best networks (those with the lowest remaining 
error, see Appendix 9) were retained (see Table 8). 

 

Table 8: Summary of five best neural networks 

Summary of five best neural networks 

Index Network 
name 

Training 
performance 

Test 
performance 

Training 
algorithm 

Error 
function 

Hidden 
activation 

Output 
activation 

1 MLP 17-8-2 100.00 100.00 BFGS 63 Entropy Identity Softmax 

2 MLP 17-16-2 96.77 100.00 BFGS 10 Entropy Exponential Softmax 

3 MLP 17-17-2 90.32 100.00 BFGS 7 Entropy Tanh Softmax 

4 MLP 17-14-2 96.77 100.00 BFGS 7 Entropy Tanh Softmax 

5 MLP 17-7-2 87.10 100.00 BFGS 7 Entropy Exponential Softmax 

 

The column ‘Network name’ presents the type of neural network (here, MLP or multilayer perceptron 
network), followed by the number of input neurons, hidden neurons, and output neurons. The 
columns ‘Training algorithm’, ‘Error function’, ‘Hidden activation’ and ‘Output activation’ give some 
technical details on the network characteristics and the algorithms used for their calculation (see 
Appendix 9 for clarification). The most important columns for interpreting the performance of the 
networks are ‘Training performance’ and ‘Test performance’. As can be seen, all five networks were 
able to predict the testing outcomes correctly. A more detailed overview of the networks’ 
performance can be found in the classification summary given in Table 9. 
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Table 9: Neural networks classification summary 

 

 

For each network, the table indicates how many flood and non-flood cases were correctly and 
incorrectly classified. The ‘All’ column presents the same result for all cases combined. For example, 
the second neural network MLP 17-16-2 incorrectly classified one flooded road-stream intersection 
as not flooded, but correctly classified all non-flooded road-stream intersections. A detailed overview 
of which catchments were wrongly classified by the different neural networks can be found in 
Appendix 10.  

Classification summary Flood Non-flood All

1.MLP 17-8-2 Total 14 25 39

Correct 14 25 39

Incorrect 0 0 0

Correct (%) 100.00 100.00 100.00

Incorrect (%) 0.00 0.00 0.00

2.MLP 17-16-2 Total 14 25 39

Correct 13 25 38

Incorrect 1 0 1

Correct (%) 92.86 100.00 97.44

Incorrect (%) 7.14 0.00 2.56

3.MLP 17-17-2 Total 14 25 39

Correct 14 22 36

Incorrect 0 3 3

Correct (%) 100.00 88.00 92.31

Incorrect (%) 0.00 12.00 7.69

4.MLP 17-14-2 Total 14 25 39

Correct 14 24 38

Incorrect 0 1 1

Correct (%) 100.00 96.00 97.44

Incorrect (%) 0.00 4.00 2.56

5.MLP 17-7-2 Total 14 25 39

Correct 12 23 35

Incorrect 20 2 4

Correct (%) 85.71 92.00 89.74

Incorrect (%) 14.29 8.00 10.26

Samples: train, test
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5 Discussion 
This section discusses the results presented in section 4. First the different statistical methods are 
compared. Next, a visualization of the model performance is introduced, and then two practical 
approaches for flood prediction are presented. 

5.1 Comparison of the Statistical Methods 
This section compares the performance of the three statistical methods that have been applied. Table 

10 presents an overview of the advantages and disadvantages of each of the methods. 

 

Table 10: Comparison of the statistical methods 

 

The PLS regression equation (equation 2) had an prediction accuracy of 100 % since it correctly 
classified all road-stream intersections. Furthermore, the cross-validation correctly classified 84.62 % 
of the intersections, proving the robustness of the PLS method. This implies that the resulting 
equation can be used to assess the risk of flooding of other road-stream intersections. The method 
furthermore proved useful for identifying the most influential factors for flood prediction. A 
disadvantage of this technique is that this model is statistically more advanced, thus requiring some 
statistical knowledge to correctly interpret to output. 

The binomial logistic regression resulted in a simpler model and requires a lot less input variables than 
the PLS regression. While the prediction accuracy is lower than in the other two methods, it is still 
high: the model based on share of urban land use, local channel slope, share of till and share of 
grassland predicted the right outcome in 84.6 % of the cases, whereas the model based only on the 
share of urban land use and the local channel slope was correct in 76.9 % of the cases. This indicates 
a trade-off between data collection effort and accuracy of the prediction. For a binomial logistic 
regression to be possible, the most important factors have to be identified by the PLS regression. 
Another option is to try all predictor variables separately and keep the ones which show the highest 
statistical significance for the individual parameters. 

Comparison of the  
Statistical Methods 

 

Advantages 
 

Disadvantages 

 

Partial Least Square Regression 

 

• High prediction accuracy (100%) 
• High cross-validation accuracy 

(86%) 
• Useful for identifying important 

factors 

  

• Requires some statistical 
knowledge 

 

 

Binomial Logistic Regression 
 

• Simpler model 
• Not much data needed  
• Still high prediction accuracy 

(77%) 

 

• Requires knowledge on 
important factors 

 

 

Artificial Neural Networks 

 

• Very high prediction accuracy  
• Easy to combine several 

networks 
• Low user knowledge 

 

• Lose connection with reality 
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Artificial neural networks proved to be an efficient method to predict flooding: the best performing 
network classified all catchments in the training set correctly while also correctly categorizing all 
testing data. The accuracy of the fifth best method was still as high as 89.74 %. 
It must be noted, however, that sometimes the test data alone may not be sufficient as a proof of 
generalization of the network. A high score on the test sample may just as well be pure luck. To 
overcome this issue, a validation sample is often used. Similar to the test sample, the validation 
sample is never used for training the network. It is used as an extra test for the performance of the 
model. A network that scores well on both the test and validation sample can be assumed to 
generalize well on new data (STATISTICA, n.d.). Validation was not performed in this study due to the 
already small number of cases used for training and testing. Adding a validation set would have further 
reduced the training and testing samples.  
 
Nonetheless, artificial neural networks provide an easy way of quickly developing multiple neural 
networks meaning that the risk of flooding for a new catchment can be assessed by multiple networks 
almost simultaneously. Another advantage of using neural networks is that the user knowledge 
needed to be able to successfully apply neural networks is low compared to other traditional 
statistical techniques: STATISTICA offers an easy way to apply the developed networks to new road-
stream intersections. The neural networks created in STATISTICA can also be exported and re-
deployed in Predictive Markup Model Language (PMML), C/C++ and SAS. A disadvantage of using 
artificial neural networks is the black box approach: the networks do not provide much insights into 
which variables were the most important ones for the classification. 

 

5.2 Visualization of Model Performance & Comparison with Blue Spot Analysis 
In order to visualize the performance of the models and to allow comparison with Trafikverket’s Blue Spot 

analysis (see below), a so called “Flood Thermometer” was introduced (see Figure 18).  

 
Figure 18: Flood thermometer 

The more blue the thermometer shows, the more often the corresponding point was predicted to be 

flooded, thus the more at risk the road-stream intersection can be assumed to be. Each box of the bar 

corresponds to the outcome of one of five models: the partial least square regression, the binomial logistic 
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regression based on urban land use and local channel slope, and the three best performing artificial neural 

networks (see Figure 18). For simplification, the first binomial logistic regression (based on urban land 

share, local channel slope, share of till and share of grassland) as well as the 4th and 5th neural network 

were not included. Which models did and did not predict flooding for each bar used in the thermometer 

can be found in Appendix 11. 

As Figure 19 illustrates, the circle in to lower part of the thermometer represents whether the point was 

observed to be flooded or not flooded in reality. This allows to compare the prediction of the models (the 

bar of the thermometer) to the actual outcome (the circle of the thermometers) for the points of which 

the actual outcome is known. 

 
Figure 19: Flood thermometers - Examples 

This visualization allows to gain insights into the prediction performance of the models, as well as to 

compare it to the Blue Spot analysis currently used by Trafikverket. The Blue Spot analysis is based purely 

on topography: the identified ‘Blue Spot’ areas correspond to areas at risk of collecting a volume of water 

of minimum 10 m³ in the case of heavy rainfall because of their topographical positioning in the landscape. 

The methods introduced in this study, on the other hand, are based on topography, road characteristics, 

soil type and land use. 

Figure 20 presents the performance of the models for the flooded and non-flooded points in Kristinehamn, 

Värmland. The dark areas in the map present ‘Blue Spot’ areas. Point 21 for example, is a road-stream 

intersection that flooded in reality (blue circle), was predicted by all five models to flood (five blue bars) 

and was also predicted by the Blue Spot analysis to be at risk. Point 33 represents a point that did not flood 

(white circle) and was not predicted to flood by any of the introduced models (five white thermometer 

elements). However, it is located in an area predicted by the Blue Spot analysis to be at risk. Point 23 then 

flooded in reality (blue circle) and was predicted by four out of five models to flood (4 blue and 1 white 

thermometer elements). The Blue Spot analysis however did not identify this point as at risk for flooding. 

This visualization shows that the Blue Spot analysis and the introduced methods in this study can be used 

as a complement for each other.  
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Figure 20: Comparison of model performance - Värmland (Kristinehamn) 

A similar conclusion can be drawn for points 2 and 3 representing flooding of Bohusbanan in Västra 

Götaland. Both points were predicted by the majority of the models to flood and they also fall in the Blue 

Spot areas (point 2 falls right on the border). 

 
Figure 21: Comparison of model performance – Västra Götaland: Kråkeröd (left) and Småröd (right) 
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5.3 Two Approaches for Flood Prediction 
It must be kept in mind that all the developed models are based on a limited data set of 39 road-
stream intersections. This means that outliers can have a considerable influence on the obtained 
result. The reason for this was the risk of adding incorrectly classified intersections when more points 
would have been added. While the media, which was the main data source of this study, reports on 
the main flood events, they do not specifically mention which points along small roads were flooded 
and which ones were not. To avoid adding wrongly classified intersections, the dataset was thus 
limited. A good framework to collect data is therefore needed. The accuracy of the models is likely to 
increase when more road-stream intersections, where it is known whether they did or did not flood 
in case of heavy precipitation, are added.  

Based on the reasons stated above, two approaches that can be used by Trafikverket for identifying 
flood vulnerable points are presented, as can be seen in Figure 22.  

 
Figure 22: Two approaches to predict flood risk 

The first approach uses the models presented in this study (equation 1  for PLS, equations 2 and 6 for 
binomial logistic regression and the created artificial neural networks) to predict the probability of 
flooding for new candidate road-stream intersections. This approach accepts the limits of the 
developed models associated to the restricted dataset on which they are based, and uses the results 
as a first indicator of flood risk. When using the resulting models to predict the flood risk of new road-
stream intersections, it is of a key importance that the PCDs are calculated in the same way, since the 
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equations are sensitive to changes in the parameters. How the PCDs need to be calculated is 
documented in Appendix 2. 

The second approach is based on the same techniques, but aims to improve the accuracy of the 
predictions by collecting more data. In the case of intense rainfall, both flooded and non-flooded road-
stream intersections that can be expected to have experienced the same amount of rainfall, should 
be identified. It is important to note that the identification of non-flooded road-stream intersections 
is as important as the identification of flooded road-stream intersections. After the intersections have 
been identified, data on their physical catchment descriptors can be collected, and the models can be 
adapted based on the new observations. 

In both approaches, all three techniques used in this study (PLS regression, binomial logistic regression 
and artificial neural networks) can be used. The binomial logistic regression requires the smallest 
amount of input data and is therefore the easiest to apply. For a better indication, however, it is 
recommended to use a combination of the different techniques to cross-validate the results by use of 
the flood thermometers: road-stream intersections that are predicted by different models to have a 
high risk of flooding can be assumed to be at higher risk. Furthermore, since data collection is by far 
the most time consuming part of the research, the effort of putting the data into the different models 
is negligible. 

Once the probability of flooding has been assessed, maintenance of culverts (e.g., regular unclogging 

of flood-prone intersections) and the adaptation of existing infrastructure to the predicted changes in 

climate conditions can be prioritized accordingly.  
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6 Recommendations 
Specifically, the different recommendations to Trafikverket based on this study are: 

• To start collecting more data to improve the accuracy of the models 

This study showed that the different developed models perform well to predict flooding. However, 

in order to generalize the results and to guarantee the accuracy of the models, more data points 

should be collected, for which a data collection framework is needed.  

• To use the models as a complement to the Blue Spot method 

The visualization of the suggested models by means of the flood thermometer allows for the 

comparison of their performance to that of the Blue Spot method. The results showed that 

vulnerable spots indicated by one technique were not always confirmed by the other technique. 

It is therefore recommended to use both the developed models and the Blue Spot method as a 

complement to each other in order to get more accurate prediction results. 

• To test the methods on other regions 

In this study, the methods have only been developed and tested for two areas: Västra Götaland 

and Värmland. However, it is suggested to test them on different regions too. Once data points 

for different regions have been collected, it is recommended to first make separate models for 

different areas, to allow for regional differences, and to then see how they compare to each other. 

Different geographical areas might have different characteristics that prove important for flooding 

and making different models allows for these regional differences to become clear. If the separate 

regional methods seem to lead to the same important factors, they can be merged later on to 

make a more general model.  

• To target preventive measures to predicted risk areas in order to reduce flood damage 

The developed models can be used to prioritize road-stream intersections based on their 

predicted level of risk (as indicated by the flood thermometers and the Blue Spot method). This 

makes it possible to target maintenance, such as the regular unclogging of culverts, and 

adaptation, by for example replacing old culverts by culverts with bigger dimensions, to these 

points in order to reduce potential flood damage. 
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7 Conclusion 
Climate change is predicted to increase both general precipitation levels as well as the frequency of 
intense rainfall events in Sweden. Major transport infrastructure such as roads and railways, which 
are characterized by long lifetimes and high investment costs, are especially vulnerable to such 
changes in climate. Trafikverket, the Swedish Transport Administration, has therefore made adapting 
to climate change one of its key focus areas. This research aims to contribute to this by identifying 
climate-related vulnerabilities in the transport network.  

More precisely, the aim of this master thesis was to develop a method for predicting flood-prone 
road/rail-stream intersections based on watershed characteristics. The developed models are based 
on flooding in Värmland and Västra Götaland in August 2014 and consider 17 physical catchment 
descriptors describing topography, road characteristics, soil type and land use. Three different 
statistical methods were used to develop a flood prediction model. The first model produces a partial 
least square regression, suitable because of its ability to deal with few observations and correlated 
variables. This regression was able to correctly classify all observations and furthermore indicated that 
share of urban land use in the catchment and the local channel slope at the road-stream intersection 
are the most important parameters to predict flooding. Based on these findings, a binomial logistic 
regression was performed, leading to a much simpler model that still has a 77 % predicting accuracy. 
This indicates a trade-off between data acquisition effort and accuracy of the prediction. As a third 
method, artificial neural networks were produced which performed well on the test data set. 
Furthermore, several neural networks can easily be developed and used together to cross-validate 
the accuracy of the predictions.  

All of the above methods can be used as an indicator to predict flooding, or they can be used in 
combination, which is recommended. In order to visualize this, a flood thermometer was introduced, 
indicating the level of risk a certain point has for flooding. This leads to better insights into the results 
of the modelling and allows to use the suggested methods as a complement to Trafikverket’s currently 
used Blue Spot analysis. Maintenance of culverts and adapting them to higher water loads can then 
be prioritized to road-stream intersections that are predicted to be at high risk. However, it must be 
kept in mind that the data availability for this study was limited. It is therefore recommended to adapt 
the models in order to improve their accuracy once more data has been collected.  
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 List of Flooded and Non-Flooded Points 
 

  

x y x y

1 Hogstorpsmotet 6474655 312167 58.372389 11.788116

2 Kråkeröd 6479133  309379 58.411334 11.736821

3 Småröd 6480988 308678 58.427668 11.723292

4 Säleby 6487515 303611 58.483937 11.631088

5 Båthamnen 6482531 305097 58.439917 11.660764

6 Älvbacken 6487535 300207 58.482574 11.572798

7 Bjälkebracka 6484990 297071 58.458308 11.521375

8 Bro 6481540 294895 58.42637 11.487225

9 Gravröse 6471709 310282 58.345159 11.758364

10 Hällkista 6472391 308160 58.35035 11.721607

11 Holmen 6466578 316006 58.301592 11.860052

12 Korpås 6467189 315978 58.307048 11.859119

13 Skådene 6482457 295375 58.434818 11.494617

14 Störreberg 6481962  295116 58.430257 11.490626

15 Svälte 6471697 306662 58.34347 11.696631

16 Ikea 6583611 409847 59.381529 13.413126

17 Fintatorp 6583608 408176 59.381136 13.383729

18 Ridhuset 6585163  410004 59.395488 13.41524

19 Väse Gamla E18 6587308 432947 59.419027 13.818473

20 Strandvägen 6577155 448338 59.330043 14.092079

21 Kristinehamn E18 6577328 448641 59.33163 14.097347

22 Rådmansgatan 6576416 450389 59.323645 14.128278

23 Lagmansgatan 6576477 450592 59.324219 14.131819

24 Östra Ringvägen 6575815 449806 59.318181 14.118172

25 Skattkärrsmotet 6586150 423175 59.406962 13.646736

26 Solberg 6586253 429774 59.409042 13.762919

27 Silkesta 6585449 431031 59.402031 13.78531

28 Karlabron 6575407 450380 59.314584 14.128343

29 Sorkan 6582130 442685 59.373976 13.991411

30 Övre Kvarnmotet 6575717 451542 59.317508 14.148695

31 Väsemotet 6583794 435484 59.387878 13.86422

32 Björkebol 6576575 452525 59.325325 14.165765

33 Heden 6576245 452296 59.322336 14.161817

34 Bymon 6588526 420836 59.427857 13.604679

35 Gunnerud 6587165 420972 59.415664 13.607576

36 Kappstad 6590884  427395 59.450213 13.719456

37 Öckna 6591892 428021 59.459373 13.730142

38 Östervik 6579936 447001 59.354841 14.067886

39 Spånga 6588318 426153 59.426962 13.698438

SWEREF99 TM WGS84

Västra Götaland

Värmland

Flooded

Non-flooded

Flooded

Non-flooded

Coordinates flood & non-flood points
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 PCD Calculation - Details 
The information in this appendix describes in detail how the different PCDs were calculated. In order 
to apply the presented models (see section 4) on new road-stream intersections, the PCDs need to be 
calculated in the exact same way.  

There are three main steps in the calculating of PCDs: terrain processing, watershed delineation, and 
actual PCD calculation. The ArcHydro extension (ESRI, n.d.) of ArcGIS is needed for terrain processing 
and watershed delineation. Words in bold refer to the ArcHydro tool that was used. The table at the 
end of this appendix specifies which GIS layers were used for which PCD calculations. 

Step 1. Terrain processing with ArcHydro 

Terrain processing with ArcHydro uses the digital elevation model (DEM) to identify the surface 
drainage pattern, which is needed in the next step, watershed delineation.  
The first step in terrain processing is DEM reconditioning. Input layers were the (unprocessed) DEM 
and the hydrography layer from Lantmäteriet (see Table 11), in order to produce an AGREE DEM 
(setting stream buffer = 5, smooth drop/raise=10, and sharp drop/raise =10). The next step is Fill 
Sinks, using the AGREE DEM as input and accepting the other defaults. Then, the Flow Direction grid 
can be calculated, indicating the direction of the steepest descent for each cell. From the Flow 
Direction grid, the Flow accumulation grid, a raster containing the accumulated number of cells 
upstream of each cell, is calculated. After this, the Stream Definition grid is created from the flow 
accumulation, accepting all defaults. From the flow direction grid and the stream grid, the Stream 
Segmentation grid (also called Link grid) is created, again accepting the defaults. Then, using both the 
flow direction grid and the link grid, Catchment Grid Delineation assigns each cell to a catchment. 
Catchment Polygon Processing, Drainage Line Processing and Adjoin Catchment Processing then 
transform the raster data to polygon data. 

Step 2. Watershed delineation 

After the terrain processing, the watersheds associated with the identified road-stream intersections 
under consideration can be created. For this, the Batch Point Generation tool is used to first identify 
the road-stream intersection. Next, the watersheds, i.e. the entire area draining to each batch point 
(or road-stream intersection), are delineated by the Batch Watershed Delineation tool, specifying the 
batch points as ‘outlets’ and using the above created layers as inputs. 

Step 3. PCD calculation 

Now that the boundaries of each watershed have been delineated, the PCDs can be calculated as 
follows: 

1. Catchment size [m²] 
The size of each catchment is given in the attribute table of the delineated watersheds. 
2. Average catchment elevation [m] 
The original DEM was clipped to the boundaries of the watersheds, and then the average 
elevation (i.e. average raster value) was noted. 
3. Drainage density [m/ha] 
Drainage density is defined as the total length of streams divided by the area of the watershed. 
To obtain the streams and after some trial and error, the flow accumulation raster was used 
to create a threshold flow accumulation raster, setting all values lower than 0.01% of the 
maximum flow accumulation, here 52 965 952, to null (set null tool). When recalculating 
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drainage densities, it is important to use the same threshold and thus to set all values under 
52 965 to null values. The resulting raster is then converted into a polyline layer and clipped 
to the watershed boundaries. The total length of all streams within the watershed boundaries 
layer can then be calculated from the attribute table. Dividing the total length by the area of 
the watershed in hectares (ha) leads to the drainage density in m/ha. 
4. Channel slope [%] 
The channel slope calculation was based on the original DEM. Since the identified streams in 
the stream layer sometimes did not exactly coincide with the stream in reality, the stream was 
identified visually by inspection of the DEM layer. Then, a line following the channel was 
drawn and the profile graph generated. The height at the road-stream intersection (z1) and at 
50 m from the intersection (z2) was noted and the channel slope calculated as 100* (z2-z1)/50, 
and thus reported in %. 
5. TWI [-] 
The formula for calculating TWI is: TWI = ln(a(x)/tanβ(x)), in which a(x) represents the local 
upslope area draining to a point (x) per unit contour length of that point (x) and β(x) is the 
local slope in radians (Beven, 2012). In GIS-layers that becomes TWI = ln[(flow accumulation 
+ 1)*2) / tan(slope in degrees *  π/180)), as explained below: 

 Local upslope area draining to a point (x) per unit contour length of that point: 
The flow accumulated area raster represents the accumulated number of cells upstream 
of a cell. To get the flow accumulated area in square meters and per cell length, the value 
of each cell of the flow accumulated area raster was increased by 1 to account for the cell 
itself, and then multiplied by the raster cell size (i.e., 2 meter) (which is equivalent to 
multiplying by 2*2 for cell size and then dividing by 2 to get the result per cell length). 

 Local slope in radians:  
The slope raster was calculated from the original DEM in degrees and then by use of the 
raster calculator converted to slope in radians by multiplying each cell by π/180 = 
0.017453. Then, the tangent of this raster was calculated. 

Taking the natural logarithm of the quotient of the two above elements leads to the TWI 
raster. The resulting raster was then clipped to the watershed areas and the maximum TWI of 
the watershed was noted as PCD. 
6. Road density [m/ha] 
All roads, railways and other roads (the layers called ‘Vägar’, ‘Järnvägar’ and ‘Övriga vägar och 
stiger’) were clipped to the watershed extent and their total lengths were calculated  and 
summed in order to get the total length (in meters). This was divided by the catchment size in 
hectares (ha) to get a road density given in m/ha. 
7. Soil type [%] 
The soil layer, in vector format, was first reclassified by use of the table in Appendix 3 and 
then converted to raster format. This layer was then clipped per watershed and the share of 
each soil type was noted. 
8. Land use [%] 
The land use data, in raster format, was reclassified by use of Appendix 4. The layer was then 
clipped to the watershed boundaries and the percentage of each of the five land use 
categories was noted. 
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Table 11: GIS layers used for PCD calculation 

Source GIS – file Specific layer Used for 
Lantmäteriet Höjddata 2m raster DEM Terrain processing  

Size 
Elevation 
Drainage Density 
Channel slope 
TWI 

Lantmäteriet Vägkartan vektor Hydrografi (hl_get.shp) Terrain processing 

Vägar (vl_get.shp) Road density 

Järnvägar (jl_get.shp) Road density 

Övriga vägar och stiger (vo_get.shp) Road density 

SGU Jordart vektor Jordart_25_100k_jg2_syd.shp Soil type 

Lantmäteriet Marktäckedata raster Smdb Land use 
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 Soil Type Reclassification 
The soil type data was obtained through the GET website (Geodata, 2015) and is produced by 
Geological Survey of Sweden (Sveriges Geologiska Undersökning, n.d.). The shapefile ‘Jordart, 
grundlager (JG2)’ was used for classification. The following table presents the details of the 
reclassification. 

JG2 
Code 
SGU 

 
English description 

 
Swedish description 

 
Reclassified 

1 Mossetorv Bog peat 4 Torv Peat 

5 Kärrtorv Fen peat 4 Torv Peat 

6 Gyttja Mud 5 Lera Clay 

9 Svämsediment, ler--silt Young fluvial sediment, clay to silt 4 Torv Peat 

10 Svämsediment, sand Young fluvial sediment, sand 2 Sand Sand 

13 Flygsand Aeolian sand 2 Sand Sand 

16 Gyttjelera (eller lergyttja) Muddy clay (or clay mud) 5 Lera Clay 

17 Postglacial lera Postglacial clay 5 Lera Clay 

19 Postglacial finlera Postglacial fine clay 5 Lera Clay 

21 Sand Sand 2 Sand Sand 

22 Postglacial grovlera Postglacial coarse clay 5 Lera Clay 

24 Postglacial silt Postglacial silt 3 Morän Till 

28 Postglacial finsand Postglacial fine sand 2 Sand Sand 

31 Postglacial sand Postglacial sand 2 Sand Sand 

33 Svallsediment, grus Wave-washed gravel 1 Grus Gravel 

34 Klapper Shingle 1 Grus Gravel 

36 Skaljord Shell deposit 1 Grus Gravel 

39 Silt Silt 3 Morän Till 

40 Glacial lera Glacial clay 5 Lera Clay 

43 Glacial finlera Glacial clay, clay content >25% 5 Lera Clay 

44 Glacial grovlera Glacial clay, clay content 15–25% 5 Lera Clay 

48 Glacial silt Glacial silt 3 Morän Till 

50 Isälvssediment Glaciofluvial sediment 2 Sand Sand 

51 Isälvssediment, sten--block Glaciofluvial sediment, cobbles to 
boulders 

1 Grus Gravel 

55 Isälvssediment, sand Glaciofluvial sand 2 Sand Sand 

57 Isälvssediment, grus Glaciofluvial gravel 1 Grus Gravel 

62 Svämsediment, grus Young fluvial sediment, gravel 1 Grus Gravel 

66 Blockmark Boulder deposit 1 Grus Gravel 

75 Torv Peat 4 Torv Peat 

79 Postglacial grovsilt-finsand Postglacial coarse silt to fine sand 3 Morän Till 

81 Talus (rasmassor) Scree, gravel 2 Sand Sand 

82 Vittringsjord Saprolite 5 Lera Clay 

84 Postglacial sand--grus Postglacial sand to gravel 2 Sand Sand 

85 Lera Clay 5 Lera Clay 

86 Lera--silt Clay to silt 5 Lera Clay 
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87 Sand--grus Sand to gravel 2 Sand Sand 

89 Svallsediment, grus--block Wave-washed gravel to boulders 1 Grus Gravel 

91 Vatten Water 6 Vatten Water 

92 Sten--block Cobbles to boulders 1 Grus Gravel 

93 Grusig morän Gravelly till 3 Morän Till 

95 Sandig morän Sandy till 3 Morän Till 

97 Sandig-siltig morän Silty to fine sandy till 3 Morän Till 

98 Morängrovlera Clay till, clay content 15–25% 5 Lera Clay 

99 Moränfinlera Clay till, clay content >25% 5 Lera Clay 

100 Morän Till 3 Morän Till 

101 Moränlera Clay till 5 Lera Clay 

200 Fyllning Artificial fill 3 Morän Till 

322 Fyllning, rödfyr Artificial fill, waste from alum shale 3 Morän Till 

823 Fanerozoisk diabas Phanerozoic dolerite 7 Berg Berg 

849 Rösberg Fractured bedrock 2 Sand Sand 

850 Sedimentärt berg Sedimentary rock 7 Berg Berg 

888 Berg Rock 7 Berg Berg 

890 Urberg Crystalline rock 7 Berg Berg 

8114 Oklassat område tidvis under vatten Unclassified, at times under water 6 Vatten Water 

8802 Älvsediment, grovsilt--finsand Fluvial sediment, coarse silt to fine 
sand 

3 Morän Till 

8806 Älvsediment, ler--silt Fluvial sediment, clay to silt 4 Torv Peat 

8809 Älvsediment, sand Fluvial sediment, sand 2 Sand Sand 

8919 Vittringsjord, ler--silt Saprolite, clay to silt 5 Lera Clay 

8950 Vittringsjord, sand--grus Saprolite, sand to gravel 2 Sand Sand 

9010 Svämsediment, grovsilt--finsand Young fluvial sediment, coarse silt to 
fine sand 

3 Morän Till 

9060 Glacial grovsilt--finsand Glacial coarse silt to fine sand 3 Morän Till 

9147 Morän omväxlande med sorterade 
sediment 

Till alternating with sorted sediments 3 Morän Till 

9299 Morän, sand Till, sand 3 Morän Till 

9336 Morän, sten--block Till, cobbles to boulders 3 Morän Till 

9792 Moränlera eller lerig morän Clay till or clayey till 3 Morän Till 

9794 Lerig morän Till, clay content 5–15% 3 Morän Till 

9950 Skålla av sedimentärt berg Rock raft of sedimentary rock 7 Berg Berg 

9960 Skålla av sandsten Rock raft of sandstone 7 Berg Berg 

9147 Morän omväxlande med sorterade 
sediment 

Till alternating with sorted sediments 3 Morän Till 

9299 Morän, sand Till, sand 3 Morän Till 

9336 Morän, sten--block Till, cobbles to boulders 3 Morän Till 

9792 Moränlera eller lerig morän Clay till or clayey till 3 Morän Till 

9794 Lerig morän Till, clay content 5–15% 3 Morän Till 

9950 Skålla av sedimentärt berg Rock raft of sedimentary rock 7 Berg Berg 

9960 Skålla av sandsten Rock raft of sandstone 7 Berg Berg 
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 Land Use Reclassification 
The land cover data was obtained through the GET website (Geodata, 2015) and is produced by 
Lantmäteriet. The land cover data follows the nomenclature of the Svenska Marktäckedata (SMD), 
which is an extension on the Svenska CORINE Land Cover (SCLC) classification, to better fit the Swedish 
context (CORINE Land Cover was originally developed for Mediterranean countries).  

Code 
SMD 

  
English description  

 
Swedish description 

Code 
(8 bites) 

 
Reclassified 

111 Continuous urban fabric Tät stadstruktur 1 1. Urban 
areas 

 
11211 Town > 200 inhabitants, limited green areas Orter >200 invånare och mindre omr av 

grönt 
2 

11212 Town > 200 inhabitants, large green areas Orter >200 invånare och med större 
områden av grönt 

3 

1122 Town < 200 inhabitants Orter <200 invånare 4 

1123 Single houses "Enstaka hus och gårdsplaner" 5 

121 Industrial or commercial units Industri, handelsenheter, offentlig service, 
mm 

6 

122 Road and rail networks and associated land Väg och järnvägsnät med kringområden 7 

123 Port areas Hamnområden 8 

124 Airports Flygplats 9 

1311 Gravel and sand deposits Grus- och sandtag 10 

1312 Other mineral excavation sites Övriga mineralextraktionsplatser 11 

132 Dump sites Deponier 12 

133 Construction sites Byggplatser 13 

141 Green urban areas Urbana grönområden 14 

1421 Sport fields Idrottsanläggning, skjutbana, mm 15 

1422 Airport grass areas Flygfält (gräs) 16 

1423 Ski areas Skidpist (endast i svensk produkt under 
142) 

17 

1424 Golf courses Golfbana 18 

1425 Non-urban park Ej urban park 19 

1426  Camping and cabin areas Campingplats och fritidsbebyggelse 20 

211 Arable land Åkermark 30 2 Agriculture 
 222 Fruit trees and berry plantations Frukt och bärodling 31 

231 Pastures Betesmark 32 

3111 Broad-leaved forest, not on wetland or rock 
outcrops 

Lövskog ej på myr eller berg i dagen 40 3 Forest 
 

3112 Broad-leaved forest on wetlands Lövskog på myr 41 

3113 Broad-leaved forest on rock outcrops Lövskog på berg-i-dagen 42 

31211 Coniferous forest on lichen land Barrskog på lavmark 43 

31212  Coniferous forest, not on lichen land Barrskog, ej på lavmark 56 

312121 Coniferous forest, not on lichen land, height  7-15 
m 

Barrskog ej på lavmark 7-15 meter 44 

312122 Coniferous forest, not on lichen land, height >15m Barrskog ej på lavmark > 15 meter 45 

3122 Coniferous forest on wetland Barrskog på myr 46 

3123 Coniferous forest on rock outcrops Barrskog på berg-i-dagen 47 

3131 Mixed forest, not on wetland or rock outcrops Blandskog ej på myr eller berg i dagen 48 

3132 Mixed forest on wetland Blandskog på myr 49 

3133 Mixed forest on rock outcrops Blandskog på berg-i-dagen 50 

321 Natural grassland Naturligt gräsmark 51 4 Grassland 
 322 Moors and heathland (not grass) Hedmark (utom gräshed) 52 
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3241 Bushes Busksnår 53 

3242  Clear cut Hygge 54 

3243  Young forest Ungskog 55 

   Free category "Ledig plats efter sammanläggning av 
klasser" 

57 Other 
 

331 Beaches, dunes and sand plains Stränder, dyner och sandslätter 58 

332 Bare rock Berg i dagen 59 

333 Sparsely vegetated areas Områden med sparsam vegetation 60 

334 Burnt areas Brandfält 61 

335 Glaciers and perpetual snow Glaciärer och permanenta snöfält 62 

3211  Grass heathland Gräshed 63 

3212  Herbs Örtäng 64 

411 Inland marshes Limnogena våtmarker 70 5 Water 
bodies and 
wetland 
 

4121 Wet mires Blöt myr 71 

4122 Other mires Övrig myr 72 

4123 Peat quarry Torvtäkt 73 

421 Salt marshes  Saltpåverkade kärr, marskland  74 

511 Water courses Vattendrag 80 

5121 Lakes and ponds, open water Sjöar och dammar, öppen yta 81 

5122 Lakes and ponds, with vegetation Sjöar och dammar, igenväxande yta 82 

521 Coastal lagoons Kustlagun 83 

522 Estuaries Estuarie 84 

5231 Sea and ocean, open water Kusthav och oceaner, öppen yta 85 

5232 Sea and ocean, with vegetation Kusthav och oceaner, igenväxande yta 86 
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 Physical Catchment Descriptors Overview 

  

Size Elevation

Drainage 

Density

Channel 

Slope TWI

Road 

Density Gravel Sand Till Peat Clay Rock Urban Agriculture Grassland Forest

Water & 

Wetland Flooding

m² m m/ha % - m/ha % % % % % % % % % % % -

1 Hogstorpsmotet 3362236 108.60 15.35 2.60 24.90 28.58 0.39 10.11 18.12 5.43 13.64 52.23 0.00 16.53 14.56 66.49 2.40 1

2 Kråkeröd 15823704 114.60 16.23 1.60 28.91 20.60 1.16 4.21 9.64 13.78 15.66 53.84 0.51 13.58 6.75 72.04 7.16 1

3 Småröd 18418544 109.83 16.25 0.80 28.91 25.68 1.35 4.64 9.36 12.00 17.90 53.23 0.45 16.27 6.39 70.78 6.14 1

4 Säleby 8834056 51.92 15.17 0.40 22.34 35.88 0.00 2.61 0.00 0.43 71.47 25.46 6.30 59.12 9.75 24.84 0.00 1

5 Båthamnen 2046056 55.67 13.84 1.20 20.22 33.73 0.00 0.00 0.21 0.00 60.12 39.65 5.01 41.18 7.70 46.25 0.00 1

6 Älvbacken 41230384 57.24 16.22 0.20 29.83 30.96 0.18 3.03 0.97 0.71 49.37 45.34 3.39 41.75 6.78 47.11 0.54 0

7 Bjälkebracka 2072984 52.98 15.33 0.80 22.47 32.90 0.00 0.00 0.63 0.72 42.12 56.62 1.15 32.89 6.99 56.62 0.00 0

8 Bro 2131576 63.94 16.11 1.50 24.63 28.26 0.00 0.00 0.00 2.43 27.42 69.87 0.00 17.36 1.00 81.81 0.00 0

9 Gravröse 3409064 49.88 14.13 0.40 22.06 29.50 0.00 11.68 2.46 2.33 42.50 40.66 2.27 45.08 5.67 46.82 0.00 0

10 Hällkista 1277272 39.86 11.47 0.40 24.63 30.22 0.00 6.07 4.89 14.04 13.75 59.40 0.05 18.64 24.03 55.59 1.76 0

11 Holmen 424900 58.96 9.69 3.00 16.76 66.42 1.03 14.42 9.27 0.00 33.24 42.07 0.00 33.68 6.03 60.46 0.00 0

12 Korpås 935860 65.05 12.51 0.60 25.36 34.30 0.67 11.82 23.37 0.00 38.33 26.11 8.15 35.33 8.35 48.35 0.00 0

13 Skådene 12487176 61.66 15.90 1.20 24.47 30.77 0.00 0.00 0.25 0.52 35.42 63.64 0.77 27.58 7.04 61.73 0.26 0

14 Störreberg 12997908 60.66 15.76 1.00 24.47 31.45 0.00 0.00 0.24 0.51 35.77 63.30 0.74 27.89 6.97 61.61 0.25 0

15 Svälte 1187376 45.86 11.36 0.76 25.57 29.28 0.68 9.05 1.58 3.00 18.42 67.16 0.00 23.42 19.32 57.69 0.00 0

16 Ikea 6690884 67.01 18.87 0.60 29.19 31.78 0.40 18.45 12.12 1.69 25.62 41.71 13.02 12.22 16.23 58.58 0.00 1

17 Fintatorp 2952964 84.62 22.18 1.70 27.13 28.06 0.00 78.52 1.55 5.97 0.00 13.86 3.15 0.30 16.51 79.69 0.40 1

18 Ridhuset 347500 79.29 7.88 1.40 19.93 26.26 2.88 19.96 35.25 0.00 6.29 35.79 0.72 1.26 37.23 61.33 0.00 1

19 Väse Gamla E18 6085292 74.58 16.59 1.92 26.97 22.64 0.64 14.45 6.25 7.17 25.47 45.95 0.00 12.62 21.79 61.82 3.81 1

20 Strandvägen 2004196 98.53 23.84 4.00 20.02 31.98 3.52 7.83 52.48 11.51 1.19 23.05 8.54 0.00 12.19 75.15 3.90 1

21 Kristinehamn E18 1828916 101.14 23.23 3.58 19.97 28.26 3.96 8.61 49.96 12.51 1.33 23.61 5.74 0.00 13.09 77.03 4.27 1

22 Rådmansgatan 59931160 130.28 17.26 3.40 29.96 18.24 1.29 2.66 42.25 22.61 9.88 18.30 1.78 4.40 10.06 63.55 20.20 1

23 Lagmansgatan 59699256 130.41 17.28 2.00 29.96 18.09 1.30 2.60 42.30 22.78 9.91 18.07 1.73 4.43 10.07 63.49 20.24 1

24 Östra Ringvägen 63026964 128.32 17.40 4.40 29.96 19.41 1.28 2.71 42.66 22.20 10.20 18.08 2.74 4.38 10.35 63.22 19.31 1

25 Skattkärrsmotet 11265216 81.42 19.28 0.90 30.35 19.87 0.22 8.11 18.99 37.46 11.06 24.12 0.40 9.84 10.67 52.96 26.15 0

26 Solberg 1597188 68.38 19.62 1.40 24.81 20.32 0.00 2.93 22.19 18.31 11.66 45.24 0.00 20.31 15.34 52.59 12.17 0

27 Silkesta 6433648 75.45 16.85 0.40 29.76 13.97 0.58 7.20 11.92 21.82 12.60 45.76 0.00 10.68 13.17 61.12 14.99 0

28 Karlabron 22910276 132.78 19.06 1.60 29.36 25.02 2.74 7.43 57.38 12.90 7.02 12.00 2.86 6.19 16.23 69.95 4.78 0

29 Sorkan 45809944 81.50 17.80 1.00 28.74 20.89 2.07 8.49 33.46 4.61 33.78 17.44 0.10 44.38 14.25 39.18 2.11 0

30 Övre Kvarnmotet 22200196 134.44 18.90 0.12 29.36 24.25 2.52 6.64 58.01 13.32 6.92 12.12 0.71 6.39 16.57 71.43 4.92 0

31 Väsemotet 10003796 65.30 17.32 0.30 28.14 17.49 0.27 29.90 15.64 31.99 10.03 11.95 1.80 24.27 11.56 39.80 22.66 0

32 Björkebol 12607240 140.10 18.52 0.88 29.36 23.44 1.01 5.70 65.31 11.84 4.67 10.55 0.22 5.87 18.70 71.74 3.44 0

33 Heden 6656492 131.73 18.27 0.90 25.30 21.25 3.29 7.12 48.26 18.27 8.75 14.08 0.33 1.75 17.14 72.15 8.56 0

34 Bymon 2741396 87.95 15.23 1.08 26.53 9.47 0.46 0.87 39.87 9.76 16.44 32.58 0.00 10.94 29.34 57.18 2.69 0

35 Gunnerud 431884 80.10 14.18 1.84 17.97 26.03 0.00 17.37 40.95 0.00 9.70 31.98 0.00 14.62 17.08 68.88 0.00 0

36 Kappstad 5939888 79.70 16.68 2.10 28.67 14.92 1.70 16.97 28.69 13.69 13.83 25.06 0.00 22.82 14.89 55.19 7.04 0

37 Öckna 430520 80.26 5.58 2.10 21.15 22.21 5.95 43.26 13.50 0.00 9.58 28.31 0.00 13.65 2.18 85.36 0.00 0

38 Östervik 9384400 98.32 15.84 0.10 25.86 21.77 1.23 3.13 40.47 11.80 22.64 20.54 0.85 12.13 21.76 57.82 7.37 0

39 Spånga 409548 86.18 10.37 4.00 17.27 15.77 18.62 2.59 27.32 3.20 0.00 47.16 0.00 0.00 20.45 79.20 0.00 0
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 Partial Least Square Regression 
This appendix gives some more information on the performed partial least square regression.  

The PLS regression can be (amongst others) performed in the following software packages: 

 STATISTICA: Advanced models – General Partial Least Squares – Multiple Regression  

 SPSS: Analyze – Regression – Partial least squares 

 R: package plsdepot 

All three software programmes lead to the same results, but display the results in a slightly different 
way and use different terminology. The advantage of R is that it is open software. The focus here will 
be on STATISTICA, complemented by SPSS. 

The data used in the PLS regression is given in Appendix 2. There are 17 independent variables (the 
PCDs) and 1 dependent variable (flooding). Flooding is coded as 1 for flooded road-stream 
intersections and 0 for non-flooded road-stream intersections.  

In STATISTICA, the default options (no intercept, autoscale) are accepted.  

The following table indicates that with six components, the model explains 83.33% of the variability 
in the response variable (flooding) and 72.04% of the variability in the independent variables. The first 
three components, however, explain considerably more than components 4-6. Therefore, the first 
three components will be taken into consideration when selecting the most important variables 
(PCDs). 

 

Table 12: Summary of PLS regression - STATISTICA 

 Increase 

R² of Y 
 

Average 

R² of Y 
 

Increase 

R² of X 
 

Average 

R² of X 
 

Comp 1 
 

0,282454 0,282454 0,2357m60 0,235760 

Comp 2 
 

0,197586 0,480040 0,175141 0,410902 

Comp 3 
 

0,186226 0,666266 0,046623 0,457525 

Comp 4 
 

0,068353 0,734619 0,099684 0,557209 

Comp 5 
 

0,062996 0,797615 0,104926 0,662134 

Comp 6 
 

0,035574 0,833189 0,058263 0,720397 
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 Cross-Validation Partial Least Square Regression 
 

 

 

  

Observation
Prediction

 Cross-validation

Correctness of  prediction

(1 = correct; 0 = incorrect)

1 Hogstorpsmotet 1 0.92 1

2 Kråkeröd 1 0.71 1

3 Småröd 1 0.31 0

4 Säleby 1 0.61 1

5 Båthamnen 1 0.82 1

6 Älvbacken 0 0.12 1

7 Bjälkebracka 0 0.14 1

8 Bro 0 0.02 1

9 Gravröse 0 0.02 1

10 Hällkista 0 -0.21 1

11 Holmen 0 0.96 0

12 Korpås 0 0.36 1

13 Skådene 0 0.31 1

14 Störreberg 0 0.23 1
15 Svälte 0 -0.08 1

16 Ikea 1 1.45 1

17 Fintatorp 1 1.42 1

18 Ridhuset 1 0.40 0

19 Väse Gamla E18 1 0.79 1

20 Strandvägen 1 0.66 1

21 Kristinehamn E18 1 0.44 0

22 Rådmansgatan 1 1.12 1

23 Lagmansgatan 1 0.66 1

24 Östra Ringvägen 1 1.60 1

25 Skattkärrsmotet 0 0.06 1

26 Solberg 0 0.05 1

27 Silkesta 0 0.05 1

28 Karlabron 0 0.30 1

29 Sorkan 0 -0.44 1

30 Övre Kvarnmotet 0 -0.34 1

31 Väsemotet 0 -0.18 1

32 Björkebol 0 -0.13 1

33 Heden 0 0.46 1

34 Bymon 0 0.53 0

35 Gunnerud 0 0.26 1

36 Kappstad 0 0.03 1

37 Öckna 0 -0.21 1

38 Östervik 0 0.17 1
39 Spånga 0 1.61 0

84.62%

a cut-off value of 0.5 is used

PLS Cross-validation

% Correct predictions:
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 Binomial Logistic Regression 
This appendix gives some extra information on the binomial logistic regressions, both for the model 
with four independent variables (urban, channel slope, till and grassland) as for the model with two 
independent variables (urban and channel slope). All data that was used can be found in Appendix 5. 
The binomial logistic regression was performed in SPSS (IBM Corp., 2013). The interpretation of the 
different tables is based on Laerd Statistics (2013). The tables on the left always indicate the results 
when four independent variables were used. The tables on the right are the equivalent for the model 
with two independent variables. 

  

In the table ‘Omnibus Tests of Model Coefficients’, it can be seen that the model is statistically 
significant, since the p value is 0.001 (see row ‘Model’, column ‘Sig.’). 
 

Omnibus Tests of Model Coefficients 

 Chi-square df Sig. 

Step 1 Step 17,932 4 ,001 

Block 17,932 4 ,001 

Model 17,932 4 ,001 
 

Omnibus Tests of Model Coefficients 

 Chi-square df Sig. 

Step 1 Step 14,965 2 ,001 

Block 14,965 2 ,001 

Model 14,965 2 ,001 
 

Four independent variables Two independent variables 

 

Another way to assess the adequacy of the model is to analyze how poor the model is at predicting 
the categorical outcomes, for which the Hosmer and Lemeshow goodness of fit test can be used (see 
table ‘Hosmer and Lemeshow Test’). A statistically significant result would indicate that the result is a 
poor fit. Here, however, the significance is 0.870 and 0.555 (column ‘Sig.’) for the model with four and 
two independent variables respectively, indicating that the categorization is not a poor fit. 
 

Hosmer and Lemeshow Test 

Step Chi-square df Sig. 

1 3,853 8 ,870 
 

 
 
 
 

Hosmer and Lemeshow Test 

Step Chi-square df Sig. 

1 6,828 8 ,555 

Four independent variables Two independent variables 

 

For a binomial logistic regression to be valid, the continuous independent variables need to be linearly 
related to the logit of the dependent variable (Laerd Statistics, 2013). This assumption was tested 
using the Box-Tidwell procedure, in which for each continuous independent variable, a new 
interaction term between the variable with its natural log transformation, is added to the model. If 
the interaction term is found to be statistically significant, then the original independent variable is 
not linearly related to the logit of the dependent variable (Laerd Statistics, 2013). Here, however, all 
added interaction terms were found to be statistically insignificant and thus the assumption was 
fulfilled.  
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 Artificial Neural Networks 
The information in this appendix about artificial neural networks is based on the STATISTICA Electronic 
Manual (STATISTICA, n.d.). 

The type of artificial neural network that was used is a feed forward neural network, which is the most 
widely used type of neural networks (STATISTICA, n.d.). In a feed forward neural network, the signals 
flow from the input neurons, through the hidden neurons, to the output neurons. Furthermore, the 
network was a fully connected network, which means that all neurons of the output layer and of the 
hidden layer are each connected to all neurons in the preceding layer. Fully connected networks are 
the type of neural networks supported in STATISTICA’s Automated Neural Networks function.   

The variables used were ‘flooding’ as categorical target and the 17 PCDs as continuous prediction 
variables. STATISTICA’s automated network search (ANS) function was used, which creates neural 
networks with various settings and configurations, and then selects the networks that best represent 
the relationship between the input and output variables.  

For the type of neural network, a multilayer perceptron (MLP) network was selected. In a MLP 
network, each neuron transforms the incoming signals from the previous layer using a mathematical 
function and sends the result to the next level. MLP networks were chosen since they yield in most 
cases better results than the other types of networks (STATISTICA, n.d.). 

Since classification neural networks were produced, the error function was set to the ‘cross entropy 
error’ function, which is given by following formula: 

𝐸𝐶𝐸 =−∑𝑡𝑖 ln
𝑦𝑖
𝑡𝑖

𝑛

𝑖=1

 

in which ti represents the target outcome and yi the predicted outcome (STATISTICA, n.d.). Using the 
cross entropy error function automatically sets the output activation function to Softmax. This 
ensures that the network outputs are true class membership probabilities, known to enhance the 
performance of classification neural networks (STATISTICA, n.d.). For the activation function of the 
hidden layer, the automated network search was allowed to use any of the possible options (Identity, 
Logistic, Tanh, Exponential, Sine). The weight decay functions were activated and the defaults 
accepted.  

A fix seed was used for initialization (1000) to allow comparison if someone else would repeat the 
same procedure. When making new neural networks, however, it is best to have a random seed. 

1000 networks were trained and the five best ones, based on highest classification rate, were 
retained. The training algorithms of these networks, BFGS (see Table 8) stands for the Broyden-
Fletcher-Goldfarb-Shanno algorithm. 
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 Artificial Neural Networks Predictions 

 

Sample 1. MLP 17-8-2 2. MLP 17-16-2 3. MLP 17-17-2 4. MLP 17-14-2 5. MLP 17-7-2

1 Hogstorpsmotet Train Correct Correct Correct Correct Correct

2 Kråkeröd Train Correct Correct Correct Correct Correct

3 Småröd Train Correct Incorrect Correct Correct Incorrect

4 Säleby Test Correct Correct Correct Correct Correct

5 Båthamnen Train Correct Correct Correct Correct Correct

6 Älvbacken Test Correct Correct Correct Correct Correct

7 Bjälkebracka Train Correct Correct Correct Correct Correct

8 Bro Train Correct Correct Incorrect Correct Correct

9 Gravröse Train Correct Correct Correct Correct Correct

10 Hällkista Test Correct Correct Correct Correct Correct

11 Holmen Train Correct Correct Correct Correct Correct

12 Korpås Train Correct Correct Correct Correct Correct

13 Skådene Train Correct Correct Correct Correct Correct

14 Störreberg Train Correct Correct Correct Correct Correct

15 Svälte Train Correct Correct Correct Correct Correct

16 Ikea Train Correct Correct Correct Correct Correct

17 Fintatorp Train Correct Correct Correct Correct Correct

18 Ridhuset Train Correct Correct Correct Correct Incorrect

19 Väse GamlaE18 Test Correct Correct Correct Correct Correct

20 Strandvägen Train Correct Correct Correct Correct Correct

21 Kristinehamn E18 Train Correct Correct Correct Correct Correct

22 Rådmansgatan Test Correct Correct Correct Correct Correct

23 Lagmansgatan Train Correct Correct Correct Correct Correct

24 Östra Ringvägen Train Correct Correct Correct Correct Correct

25 Skattkärrsmotet Train Correct Correct Correct Correct Correct

26 Solberg Train Correct Correct Correct Correct Correct

27 Silkesta Test Correct Correct Correct Correct Correct

28 Karlabron Train Correct Correct Incorrect Incorrect Incorrect

29 Sorkan Train Correct Correct Correct Correct Correct

30 Övre Kvarnmotet Test Correct Correct Correct Correct Correct

31 Väsemotet Train Correct Correct Correct Correct Correct

32 Björkebol Train Correct Correct Correct Correct Correct

33 Heden Train Correct Correct Correct Correct Correct

34 Bymon Test Correct Correct Correct Correct Correct

35 Gunnerud Train Correct Correct Correct Correct Correct

36 Kappstad Train Correct Correct Correct Correct Correct

37 Öckna Train Correct Correct Correct Correct Correct

38 Östervik Train Correct Correct Correct Correct Correct

39 Spånga Train Correct Correct Incorrect Correct Incorrect
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Neural Networks Predictions for Flooding

Samples: train, test
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 Flood thermometer – Model Predictions 

 

 

 

1. MLP 17-8-2 2. MLP 17-16-2 3. MLP 17-17-2

1 Hogstorpsmotet flood non-flood flood flood flood

2 Kråkeröd flood non-flood flood flood flood

3 Småröd flood non-flood flood non-flood flood

4 Säleby flood flood flood flood flood

5 Båthamnen flood flood flood flood flood

6 Älvbacken non-flood non-flood non-flood non-flood non-flood

7 Bjälkebracka non-flood non-flood non-flood non-flood non-flood

8 Bro non-flood non-flood non-flood non-flood flood

9 Gravröse non-flood non-flood non-flood non-flood non-flood

10 Hällkista non-flood non-flood non-flood non-flood non-flood

11 Holmen non-flood flood non-flood non-flood non-flood

12 Korpås non-flood flood non-flood non-flood non-flood

13 Skådene non-flood non-flood non-flood non-flood non-flood

14 Störreberg non-flood non-flood non-flood non-flood non-flood

15 Svälte non-flood non-flood non-flood non-flood non-flood

16 Ikea flood non-flood flood flood flood

17 Fintatorp flood flood flood flood flood

18 Ridhuset flood non-flood flood flood flood

19 Väse Gamla E18 flood flood flood flood flood

20 Strandvägen flood flood flood flood flood

21 Kristinehamn E18 flood flood flood flood flood

22 Rådmansgatan flood non-flood flood flood flood

23 Lagmansgatan flood flood flood flood flood

24 Östra Ringvägen flood flood flood flood flood

25 Skattkärrsmotet non-flood non-flood non-flood non-flood non-flood

26 Solberg non-flood non-flood non-flood non-flood non-flood

27 Silkesta non-flood non-flood non-flood non-flood non-flood

28 Karlabron non-flood non-flood non-flood non-flood flood

29 Sorkan non-flood non-flood non-flood non-flood non-flood

30 Övre Kvarnmotet non-flood non-flood non-flood non-flood non-flood

31 Väsemotet non-flood non-flood non-flood non-flood non-flood

32 Björkebol non-flood non-flood non-flood non-flood non-flood

33 Heden non-flood non-flood non-flood non-flood non-flood

34 Bymon non-flood non-flood non-flood non-flood non-flood

35 Gunnerud non-flood non-flood non-flood non-flood non-flood

36 Kappstad non-flood non-flood non-flood non-flood non-flood

37 Öckna non-flood non-flood non-flood non-flood non-flood

38 Östervik non-flood non-flood non-flood non-flood non-flood

39 Spånga non-flood flood non-flood non-flood flood

PLS
Binomial logistic 

regression 2

Artificial Neural Networks
Model predictions
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