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Introduction 

Wildlife accidents have always been a topical issue for the scientific community around 

the world. During the last decades, the increasing number of vehicle accidents with 

large animals remains a global management priority for many wildlife species. The 

upward expansion in road infrastructure, increase in average speed and traffic volume, 

growth of ungulate population and density across Europe, have led to an increment in 

the frequency of road traffic accidents involving wildlife (Anderson, 2009; Langbein 

et. al., 2011). According to Seiler et al (2016) some of the aforementioned factors do 

not fall within the discretion of road administrations, while others can be addressed by 

implementing local traffic adjustments, road design verge management or technical 

mitigation.  

In Sweden the number of reported vehicle accidents involving the large size ungulates 

such as deer, moose and wild boars have been growing rapidly over the last thirty years. 

Specifically, In the 1990s, about 30,000 ungulate vehicle collisions (UVCs) were 

estimated of which 5,000 involved moose Alces alces L. and 25,000 roe deer Capreolus 

capreolus L. According to Swedish National Road Administration (SNRA), the total 

number of incidents exceeded 60% of all police-reported traffic accidents (Seiler, 

2005). However, in a more recent survey, Seiler et al. (2004) estimated that unrecorded 

collisions per year were at least twice as high as in the initial ones (as cited in Seiler, 

2005). In 2010, the total number of accidents reached almost 47,000 while in 2019, a 

total of 64,355 were recorded, representing a percentage increase of 37.4% (NVR, 

2020). In contrast, in 2019, the number of fatalities in road traffic has decreased by 101 

(-32%) in comparison to the previous year. In fact, according to Swedish Transport 

Agency's preliminary statistics (2020) 2019 was the year in which the fewest road 

fatalities reported over the last decade. 

Furthermore, road accidents result in a series of adverse consequences and significant 

costs to society which translate into environmental disaster, damage to health and 

especially in terms of injuries and loss of human or animal life (Gren & Jägerbrand, 

2017). Many of the accidents can be prevented by an in-depth assessment of the risks 

after locating the accident hotspots (sometimes called blackspots) and therefore to 

implement drastic measures to limit them. Considerable research has been conducted 

on ungulate vehicle collisions assessment methods, which study the phenomenon from 

numerous scientific perspectives, relate it to various parameters and using different 

tools for understanding and analyzing it. The present aim of the master's thesis is the 

spatio-temporal analysis of moose vehicle collisions (MVCs) and their correlation with 

other variables in a GIS environment. Our case study focuses on Västernorrland county 

in Sweden, during the time period 2015-2019. 

The individual objectives of the present study are: (1) The application of the traditional 

two-dimensional Kernel Density Estimation (KDE) to present the densities (heatmap) 

of MVCs (2) Conduction of a hot spot analysis in order to identify statistically 

significant clusters along the study area. (3) The implementation of the ordinary least 

squares (OLS) regression to determine those factors that interpret this phenomenon to 

a significant degree. The variables were varied and related to the road network, the type 

of vehicles in circulation and land coverage.  
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1.    Previous studies 

This chapter is very important as it provides an overview of the topic and the reader can 

understand the value of studying MVCs in Sweden. Initially, global studies examining 

the issue of animal-vehicle collisions (AVCs) are pointed out. Subsequently, a brief 

literature review on MVCs in Sweden is introduced. Finally, relevant studies and 

methodological approaches followed are presented. 

1.1 Costs of traffic wildlife accidents in global scale.  

Animal-vehicle collisions mainly affects biodiversity and the environment, but also, 

human society resulting in large socio-economic costs. Groot Bruinderink and 

Hazebroek (1996) note that during the 1990s in Europe, AVCs exceeded more than half 

a million annually, resulting in 300 casualties, 300.000 injuries, while the costs for the 

property damages estimated at 1 billion$ (US) (as cited in Jägerbrand & Gren, 2018). 

Since the end of the last century, a considerable number of research articles have been 

published with regards to the AVC’s side effects, expressed as loss of human life, 

resources and quality of life (Seiler, 2005; Ramp & Roger 2008; Bissonette et. al. 2008; 

Kioko et al. 2015; Rowden et. al., 2008). In a relatively old study, during 1987 and 

1988, in Newfoundland, there were about 700 motor-vehicle accidents involving a 

moose, with an estimated socio-economic cost of about 377,000$ (Rattey & Turner, 

1991). In 1991, 538.000 deer (Odocoileus sp.) vehicle collisions were reported in 35 

states of America (Romin, 1994). Conover et al. (1995) took into account Romin’s 

survey, estimated a deer vehicle collision (DVC) number for the area of the 14 states 

with deer (excluding Hawaii) that were not included in the initial research and evaluated 

a property damage cost equal to 1.1 billion$. According to Rowden et. al (2008), 

available data on wildlife accidents within Australia are very limited. However, during 

the period 2001-2005 half of ‘hit-animal’ crashes involved kangaroos and wallabies. At 

the same time, within the State of Queensland there were almost 3200 recorded wildlife 

accidents with a total social cost which exceeded 142 million$ as estimated by 

Queensland Transport in 2007. More recently, for Sweden, the cost for wild boar-

vehicle accidents showed an increase during the period 2003-2016 and in recent few 

years it is estimated to vary between 9.66-12.31 million euros annually (Jägerbrand & 

Gren, 2018).  

 

1.2 Related Studies review 

Cadle (2001) created a risk map of white-tailed deer (Odocoileus M'rginiunus)-related 

collisions for the state of Texas. In the second step, he compared the aggregated county 

data (landscape factors) to site-specific collision (local habitat) data to find out which 

parameters were most relevant and useful to deer vehicle collisions (DVCs). Locational 

analyses became possible by obtaining black bear collision data and thus allowing a 

comparison of site specific versus aggregated data for AVCs. The author used SPSS to 

ran a series of statistical procedures (a correlation, a principal components analysis, and 

a reverse stepwise multiple regression) to determine to what extent and how the 

variables are related. In ArcView software, the Kernel Density Analysis method was 

used to analyze the density of site-specific collision data. The results of the research 
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revealed that deer-vehicle collision risk index did not exceed 50% of accuracy when 

measured with actual collision numbers. In contrast, spatial analysis of bear collision 

data indicated that specified location data were better able to identify, areas of greater 

risk. 

Malo et al. (2004) analyzed the case of Soria Province (Castilla-León, Spain) and 

developed AVCs prediction models at two spatial scales, a landscape and a local. The 

first concerned road sections with the highest probability of collision while the second 

analyzed the specific crossing points where risk of collisions was increased. The 

researchers used Poisson Distribution (which is one of the most useful probabilistic 

models) to describe the number of AVCs in each given road section. They also 

investigated which of landscape variables are related to incidents of AVCs by using a 

logistic regression model. Results showed that a number of independent variables such 

as high forest cover, low crop cover, high habitat diversity and low number of buildings 

are better related to road sections with high collisions rate. The modeling of this 

relationship showed significant prognostic success during validation, with percentages 

higher than 70% correct classification of cases. In terms of local scale, results showed 

that specific collision points occurred where there was absence of guard-rails or lateral 

embankments, distant from buildings and presence of humans, not in close proximity 

to underpasses, crossroads or woodland near the road. Similarly, the fitted model 

showed significant prognostic power in validation, by accurately predicting 85.1% of 

collision points. 

Jospe (2005) used GIS to estimate where future MVCs would occur in Maine, United 

States. The author included in her analysis variables such as land cover suitability, 

distance from water bodies, past MVCs locations and road speed limits. Initially, she 

established different weights in each variable and then analyzed the weighted 

combinations in order to determine the likely locations of MVCs. Finally, a binary 

logistic regression model was developed to identify if there is an association between 

the increasing number of MVCs and the increasing speed of vehicles. Based on her 

results, no significant relationship emerged between speed limit and the number of 

MVCs per unit length of road. Nevertheless, there was a significant correlation between 

speed limit of 35mph and 40mph with MVCs rather than 45,50 or 65mph roads. 

Ramp et al. (2005) pointed out the impacts of road infrastructure development on the 

natural environment and especially in the increasing mortality of animals due to vehicle 

collisions. To this end, they developed predictive models to enable (1) Hotspot 

identification in different sites and hours and (2) identified the predictor variables which 

determine the likelihood of collisions and the resultant wildlife fatalities in New South 

Wales. Initially, the researchers used GPS data and considered variables, under certain 

criteria, for inclusion in the models. Subsequently, they applied two approaches to 

modeling hotspot locations. In the first approach, Kernel Density Estimation was 

applied to present the densities of fatality points in a continuous way and Ripley's K 

Function which identified the relevant clustering and separated datasets on different 

spatial scales. The second was a modeling approach with a combinatorial character, 

because it enabled identification of hotspot locations and those variables that had the 

biggest effect on roadkill. The effectiveness of the regression models was achieved 

through k-fold Cross Validation method. The analysis of linear models took place in R 

software. With reference to the results, it became apparent that the way in which 



4 
 

predictive models identify mortality points for different species groups varies 

considerably. More specifically, models of species killed in a clustered form were 

effective at identifying hotspots, while for species where fatalities presented a more 

symmetrical distribution along the road, the models were less effective. 

The study conducted by Hurley et al (2007), aimed to assess the spatial location of 

MVCs along the Trans-Canada highway, based on anthropogenic and environment 

factors. The methodological approach followed, comprised the identification of 6 

subsets of logistic regression models and the implementation of Akaike’s Information 

Criteria (AIC) which indicates the suitability of the independent variables in the linear 

model. Each model was identified by related sets of variables, based on specific criteria, 

in order for certain phenomena to be isolated and better studied to mitigate MVCs. For 

five out of the six subsets, variables that were measured in the field (local scale) were 

involved. The sixth examined landscape variables through the application of GIS. 

Previous research and knowledge concerning the field of study, predetermined the 

choice of relevant explanatory variables. More specifically, for the landscape-scale 

variable analysis, a buffer zone (500 m) was applied around each collision and random 

point. Within the buffer, continuous environmental variables were identified, measured 

and processed by using a GIS, resulting in the probability prediction MVC model. For 

the local-scale analysis, a series of variables related to moose habitat, moose evidence, 

highway attributes, roadside vegetation, driver visibility and landscape-scale variable 

Analysis (GIS) were involved. From the data analysis, using the ROC curve for the 

goodness of fit test, the best fit model from each of the 6 subsets was validated. Α 

significant relationship between speed and MVCs emerged from the driver visibility 

model. In the GIS model, it was found that increased ruggedness decreased the number 

of MVCs, indicating that flat slopes are more attractive for moose to cross. Within the 

roadside vegetation model, there was a positive relationship between presence of 

grasses and MVC sites. In contrast, the presence of alder proved to be an insignificant 

variable of correlation with clashes. There was a high correlation between the distance 

from the wetlands and the clashes, while distance to water presented a low correlation 

with MVCs. 

Ng et al. (2008) built three statistical models in order to identify the correlations 

between landscape and traffic of deer vehicle collisions occurred from 2002 to 2004, in 

the urban environment of Edmonton, Alberta, Canada. The methodology followed 

included the creation of three statistical models to determine the correlation of 

collisions with landscape and traffic. The first model took into account the particular 

characteristics of local variables and was based on spatial precision to the closest 

intersection where the crashes took place. The composition of the second model was 

based on landscape features and used the nearest municipal intersection to aggregate 

collisions. A key requirement for the application of the aforementioned, high precision 

and aggregate models, is the production of equivalent number of random locations in a 

GIS, as well as examining various explanatory variables in 4 different spatial scales 

with the application of radius buffers. The third, hotspot model, examined the DVC 

frequency correlations at all intersection points. For the formation of statistical models, 

the methods of Logistic and Ordinal regression are utilized with the help of the 

statistical tool SPSS. Finally, a temporal analysis was carried out by analyzing date 

measurement scaled as circular function. The first model showed that there were twice 
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as many chances for DVCs to occur in areas with high speed limits, as well as in areas 

with low road density at a distance of 800m. The second model showed that there was 

a greater likelihood of collision incidents to appear near water environment, but also in 

areas with high road density along with highly productive, non-forested vegetation 

within 800m. The last model highlighted only speed as an important explanatory factor 

in predicting collision frequency. Clashes peaked in mid-November, according to the 

outcome of the temporal analysis. 

Zheng et al. (2011) point to the widespread use of global models on the effectiveness 

of a single set of estimated parameters to predict crash impacts. A problem that arises 

in cases where estimating regression patterns with observations from different 

geographical areas, is the degree of spatial heterogeneity of the parameters. As a result, 

conclusions drawn from the assessment of a regression model are less accurate. 

Erdogan (2009) applied a geographically weighted regression (GWR) to model the 

accident and death rates for each province in Turkey. In the context of understanding 

and evaluating the road safety of the provinces he created two different risk indicators. 

These indicators ascribe the ratios between (1) number of road accidents and (2) the 

number of casualties and their exposure to traffic risk. The author calculated the 

Moran's I Index, Geary’s c and Getis-Ord G indices to determine the presence of 

systematic variation of car accidents. Through the application of GWR, he noted that 

the length of highways and province roads has a significant impact on the number of 

people injured and deceased individuals. Parameters related to the number of buses, 

mini-trucks, and trucks did not have a significant impact on both the number of 

accidents and the number of dice. The application of GWR performed significantly 

better predictions for both accident and fatality rates in comparison to ordinary least 

regressions, as indicated by adjusted R2 values. 

Rodríguez-Morales et al. (2013) analyzed the temporal, spatial and spatiotemporal 

patterns involving wild boar and roe deer vehicle collisions in the province of Lugo 

(NW Spain) during the quinquennium 2006-2010. Their study was carried out using 

GIS and spatial statistics. Spatial change has an inherent connection with chronological 

evolution of the AVCs phenomenon and therefore the temporal analysis was divided in 

three scales: (1) daily, (2) weekly and (3) seasonal. Then they determined the 

localization of specific collision points along the road network and finally used them in 

order to create a traffic accident density surface through Kernel Density Estimation over 

two time scales (daily and seasonal). In this way the identification of the clusters was 

achieved and the risky areas were determined spatiotemporally. The results showed that 

the clashes with the vehicles took place in different geographical areas and did not occur 

at the same time of the year or of the day.  

Kazemi et al. (2016) conducted a pioneering study to investigate the spatial-temporal 

pattern of wildlife vehicle collisions (WVCs) in Golestan National Park-North East of 

Iran. This research was the first to analyze collisions with wildlife in Iran, focusing on 

six mammal species involved in the vast majority of roadkills between 2004 and 2013. 

The analysis was based on GPS data which were processed in the ArcGis environment. 

The temporal analysis carried out by examining roadkill data divided into three time 

periods. A chi square goodness of fit test was used in order to interpret the comparison 

of roadkill frequencies derived from time variable. Spatial pattern of WVCs were 

analyzed through the Kernel Density Estimation method, while global auto K function 
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examined WVCs spatial structure at various spatial scales. The density of WVCs was 

calculated in a radius of 500 m. Global auto K function provided by SANET, was used 

instead of Planer K function so that it is possible to achieve a more accurate analysis 

for the detection of clustering patterns. Temporal analysis results showed that the 

mortality rate of mammals increased by 95% during the research period. In addition, 

the distribution of accidents for the different species did not show uniformity. With 

regards to spatial point patterns density analysis, heterogeneity was presented in the 

distribution of WVCs. In particular, six collision hotspots were revealed, mainly along 

the curves of the road where dense forest cover dominates on both sides. 

Visintin et al. (2016) investigated collisions of vehicles with Eastern Grey Kangaroo 

(Macropus giganteus) in State of Victoria, Australia from a different methodological 

aspect. Unlike most studies, which use individual models that combine landscape and 

anthropogenic variables, this research disentangles the two main variable groups in 

order to create a framework on which it will be possible to quantify the risk of kangaroo 

vehicle collision analysis (KVC) over large spatial scales. Both for statistical and spatial 

analysis, “R” software was used. The first step involved the construction of a 

mathematical equation (model) that describes the relationship between the variables of 

the study. In more detail, the rate of collisions was modeled as a function of three 

variables that relate risk to exposure (kangaroo occurrence) and hazard (traffic volume 

and traffic speed). The former submodel was estimated by using a boosted regression 

tree (BRT) model. Seven predictor variables based on kangaroo habitat were selected. 

The traffic volume and speed submodels were estimated for all road segments with 

random forest regression. Traffic model predictor variables, road density and road 

predictors were included in the submodels. Dataset from previous KVCs records were 

used to investigate how the above-mentioned factors collectively contribute to collision 

risk. In the species occurrence model, the estimate of deviance was approximately 

30.4%. The traffic volume and speed models explained 54.4% of the variation in the 

average annual daily traffic data and 58.7% of the variation in the posted speed limit 

data respectively. The use of the above as a predictor of conflict risk, explained 23.7% 

of the deviance in incidence of collisions.  

Ascensão et al. (2019) modelled the spatiotemporal patterns of mortality of seven 

medium-large mammals’ species across Mato Grosso do Sul State, Brazil, during 2013-

2014 and 2017-2018. The aim of the study was to evaluate how locations and AVCs 

are related to environmental variables in order to predict roadkill risk along different 

segments of road network. For their research, they used GPS collected roadkill datasets. 

Spatial and temporal data were obtained from remote sensing and weather station 

databases, respectively. For each of the seven focal species, they performed a binomial 

logistic regression relating roadkill with spatial and chronical variables. In order to 

imprint the intrinsic spatial and temporal fatality risk, the researchers included the 

overall number of road kills for each date and road section, exempting the records of 

modelled species. The analysis of logistic regressions (GLM) was achieved through 

step function in R software. Αs the results showed, although the models had a strong 

predictability, they could only explain a small fraction of the spatiotemporal patterns of 

animal road fatalities. With reference to exploratory variables, it was found that they 

had different effects and significance in explaining the mortality patterns between 
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species. Variables seemed to have a higher importance were the intrinsic spatial and 

temporal roadkill risk, followed by land cover, climate and NDVI. 

Tajchman et al. (2020) developed a model for predicting wildlife vehicle collisions 

(WVCs) in the city of Lublin, Poland between the beginning of December 2017 and the 

end of November 2018. For the implementation of the task, they initially collected 

primary data from the WVCs sites by using GPS devices and then imported the points 

into ArcGIS Pro 2.0 software to conduct the spatial analysis. Regarding the synthesis 

of information, the estimation model was based on 3 variables, which were 1) traffic 

intensity, 2) land use forms, 3) seasons of the year. The number of WVCs was compared 

with each parameter’s data. Statistical analysis of the data and model generation were 

performed in the ArcGIS Desktop environment as well as with the use of SAS 

(Statistical Analysis System) software. According to the results of the analysis, a 

percentage of almost 43% of analyzed collisions, takes place on roads where the traffic 

intensity did not exceed 100 vehicles / day. The highest numbers of clashes were 

recorded during summertime and spring, with the relevant numbers reaching 91 and 78 

events with animals, respectively, exceeding 50% of the total number of conflicts. With 

respect to correlation between traffic volume and number of road collisions with wild 

animals, traffic intensity categories of 501-600 and 1101-1200 (vehicles/day) revealed 

highly significant positive relationship. In the last analysis, irrespectively of the animal 

species, the distances from river valleys, residential buildings and industrial 

development, proved to be significant predictor variables for WVCs. 

1.3 The moose in Sweden 

In the boreal forests of northern hemisphere there are a plethora of moose (Alces alces) 

which first appeared in Sweden after the last glaciation period, some 9000-10000 years 

ago (Persson, 2003). They are considered to be the largest species of the Cervidae 

family (Broders et al. 1999) and they are ecologically, economically and culturally 

important ungulate species found throughout most of Sweden (Olsson et al. 2011). 

Eriksson & Skoog (1996) point out the impact of transportation infrastructure on the 

Swedish landscape as early as the last century, with the percentage of the country's 

surface covered by roads, corresponding to about 1.2% (as cited in Olsson et al. 2008). 

During the second half of the 20th century in the Fennoscandian countries and 

particularly in Sweden, moose population marked a sharp increase and henceforth, is 

considered one of the most productive and heavily harvested moose populations of the 

globe (Lavsund et al. 2003). Factors such as lack of natural predators, natural habitats 

that are widespread due to modern forestry and human activity systems that include 

sowing, cultivation and harvesting, maintain moose densities at high levels (Ball & 

Dahlgren, 2002; Timmermann & Rodgers, 2005; Olsson et.al. 2011). Nowadays, moose 

are being distributed all over the country, except from the island Gotland and during 

the summer period they appear at higher densities, with their number reaching about 9 

moose per 1000 hectares. As Cederlund & Bergström (1996) point out, the population 

density of moose in certain parts of Sweden is among the highest in the globe and 

constitute densities that may not have been experienced in post-glacial times (as cited 

in Elia et al., 2010). 
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Factors influencing spatiotemporal distribution of MVCs in Sweden 

The moose's activity fluctuates seasonally and therefore, collisions do not present a 

random distribution but they are clustered in time and space (Benten et al. 2018). The 

identification of the factors behind MVCs spatiotemporal patterns is considered a 

necessary step in understanding the phenomenon. Time patterns relate to time 

constraints and involve mating and breeding season (Rattey & Turner, 1991), climate 

factors, changing food availability, daily fluctuations in travel activity (Bashir and Abu-

Zidan, 2006), dispersal of juveniles, seasonal migrations (Seiler, 2005). On the other 

hand, key elements that affect the spatial factors include ecology, surrounding 

landscape, road infrastructure, habitat, population density, human settlements, traffic 

behavior and fence location (Finder, 1999; Seiler, 2005; Sjölund, 2016). The latter, 

although it is an effective mitigation measure against accidents, it often poses new risks 

because they limit the mobility and access of moose to resources (Olsson et al., 2008). 

Moose populations living in the northern parts of Scandinavia are partially migratory 

(Bunnefeld et al. 2011). The predominant factors that affect the migration of moose fall 

into two inter-related groups: food and snow (Ball et al. 2001). The main food 

consumed by moose is woody plants, such as trees and shrubs, especially during the 

winter when Scots pine (Pinus sylvestris), birch (Betula pendula and B. pubescens) and 

willows are staple food (Dettki et al. 2003). Moreover, it has been known for some time 

that moose in Sweden prefer to browse in young coniferous forests during winter time 

(Wallgren et al. 2009; Bergqvist et al. 2018). Sørensen (2017) explains that more MVCs 

occur in winter compared to summer, especially when snow is higher with intense 

snowfall rates. Specifically, she notes that mobility and the accumulation of moose is 

concentrated at same winter ranges and low altitudes, due to heavy snowfall and 

consequently the difficulty of accessing food resources. Provided that the surrounding 

hills are covered by deep snow during winter, these large ungulates are congregating 

along the valleys where the road density is higher. As a result, moose frequency of road 

network is increasing, leading also to an increasing of MVCs.  

1.4 Human injuries caused by MVCs 

Collisions with wild ungulates are a threat to traffic safety (Seiler, 2005). Generally, 

clashes occur between small-bodied animals like deer species they only cause damage 

to the vehicle. However, when larger animals, such as moose, are involved in the 

collision, the chances of injury to the vehicle's crew are higher (Niemi et al. 2017). The 

forces that develop in a collision and the extent of the damages depend on the type of 

collision (frontal, lateral, front-to-side collision, etc.). Nevertheless, as pointed out by 

Björnstig et al. (1986) the collision mechanism between a moose and a car is worth 

noting since the structure of the moose, because of its long legs, will strike directly 

against the windshield pillars, the windshield, and the front roof of passenger cars. As 

for the victims of the clashes with the moose, they usually suffer injuries by 2 

mechanisms. These relate to the immediate primary collision with the animal or a 

collateral secondary collision when the driver attempts to avoid the animal and strikes 

another object (Bashir and Abu-Zidan, 2006). 
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2.     Study Area 

Our case study focuses on Västernorrland county (16° 55' 47.76" E, 62° 44' 22.68" N) 

which is located in the north of Sweden (Map 1). It is bordered by the counties of 

Västerbotten to the north, Jämtland to the west and Gävleborg to the south. In the east, 

it is washed by the Gulf of Bothnia. Its total area is estimated at 21683.8 km2 and it is 

the 6th largest county in the country. The County is divided into the following seven 

municipalities: Härnösand, Kramfors, Sollefteå, Sundsvall, Timrå, Ånge and 

Örnsköldsvik. The altitude increases steadily to the west from the Baltic coast with the 

highest peak reaching almost 600 m. The average annual temperature is around 3°C 

and the mean annual precipitation values are around 700 mm. 

About 2.4% of Sweden's population lives in Västernorrland. Population density is 11.2 

people per km2, which corresponds to less than 50% of the national average (24 people 

per km2). It is a rural and remote county which, among other things, is facing a 

population decline. The distribution of the population is distinct. Along the coastal area 

of the region, a higher population density is observed, with more diversification in 

economic activities and structure, such as agricultural activities for farm income which 

creates local employment (Rosén et al. 1998). On the other hand, the interior of 

Västernorrland is a sparsely populated area that largely preserves the traditional 

economy based on rural activities (Rauhut & Littke 2016).  

The area subsumes to the `middle boreal' vegetation zone. It consists of coastal plains, 

meadows, rivers, abundant vegetation in the river valleys, large forests, marshes and 

lakes (Ahti et al. 1968). The preeminent element is the presence of the unique coast, the 

High Coast. As the route crosses from the coastal strip to the north and west, the 

existence of the typical Norrland mountainous landscape plays a key role. Broad-

leaved, coniferous forests and marshes dominate along Västernorrland County. 

Due to the fact that Västernorrland County is a sparsely populated county, with long 

distances, limited and low-frequency public transport, the need to create efficient road 

connections became necessary since the end of the last century1. The most important 

arterial road that crosses the coastal plain from north to south is European route E4 

which was built between 1993 and 1997. Some parts of the road are neuralgic and 

critical points of passage for moose migrating to the Baltic coast. Problems with 

migratory moose have occurred in the past, when an E4 upgrade plan for motorway 

standards was developed along the High Coast area. Therefore, the implementation of 

the two underpasses “Storsjön" and “Furusjön” was built exclusively for moose, in 

order to mitigate the consequences of migration towards the foreshore (Seiler et al. 

2003).  

As indicated in the introduction of the master dissertation, the increased frequency of 

MVCs is reflected throughout the country and therefore in Västernorrland County. 

According to National Wildlife Accident Council, MVCs in Västernorrland showed a 

percentage increase of 56,3% recording a total of more than 1200 cases from 2015 to 

2019. Most of these occurred during 2018, while the least in 2015.  

 
1 Motion 1989/90:Τ313 
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3.     Data source and methods of analysis 

In the introduction we referred to the aim of the dissertation, which concerns the identification 

and analysis of the factors that describe the spatial arrangement of MVCs in Västernorrland 

county. This section introduces the methodology and the steps followed for data collection and 

analysis around MVCs. More specifically, the methodological approach, is divided into 2 main 

axes and each of which is structured in individual phases. The first axis concerns the collection 

of data and literature findings, while the second, the workflow process to attain the objectives. 

3.1 Ordinal Process of Databases Search 

In order to structure and collect data based on a bibliographic search we used the academic 

databases “Scopus” and “Google Scholar” as they are one of the largest bases used by scientists 

to find research sources and bibliographies. This step was very important, because by examining 

relevant studies, we decided on the methodology to be followed for the technical part of the 

present master thesis. Through the basic search selection, we typed keywords such as 

"spatiotemporal" "patterns", "modelling", "regressions", "wildlife", “ungulates”, "cost", 

"assessing", "moose-vehicle", "collisions", "hotspots", "GIS" and "clustering”. The issue of 

analyzing and identifying the patterns of AVCs is a matter of intertemporality and global scale, 

as evidenced by the rich literature of recent decades. For this reason, the review of related 

studies, is not limited to a specific spatial scale or to an individual time period. Attempt has been 

made to include and describe different studies – cases that have taken place in different parts of 

the world over the last 20 years, so that we can establish if there are different techniques - 

scientific approaches to address the phenomenon of AVCs and in particular MVCs.  This 

resulted in a total of 12 papers. Each one tries to answer the same question: can we avoid or 

reduce the number of roadkill and how? As we find out, the common denominator of these 

studies is the analysis of the relationship between the dependent variable and exploratory 

variables which are changing and describe the phenomenon of collisions. Each of the relevant 

studies reviewed in the above chapter, has been exploring different areas of the world over the 

past 20 years and has come up with various approaches to address the phenomenon of AVCs.  

3.2 Data Retrieval 

Data is a collection of values that describe scale conditions, spatio-temporal conjunctures and 

phenomena. For the implementation of the technical part of the thesis, we searched for data 

from various sites and national administrations. For this analysis the temporal extent of the data 

concerned the period 2015-2019.  In order to analyze the patterns of MVCs in Västernorrland 

county, spatiotemporal data from Swedish National Wildlife Accident Council (NVR 2020) 

were obtained. These data gathered reports about the type of collision, impact sites and 

chronological records but also information about gender and estimated age of the moose. From 

the Swedish Transport Administration (Trafikverket, 2020), we obtained traffic data. This data 

included information on traffic volume and speed during daytime and nighttime. Collision and 

traffic data were retrieved in xls format. All entries however, are defined by pair of Cartesian 

coordinates (x, y) and thus it became possible to import them into a GIS environment. Secondary 

data were selected as the cartographic background, from the OpenStreetMap (OSM, 2020) 

Geofabrik download page. This open data source site provides pre-processed OSM data for free 

download at continental and national level in a shapefile formal and is constantly available to 

the user. Additional map data were obtained via the SLU geodata extraction tool, (GET, 2020). 

Those data provided key features (physical and cultural) in the study area. In contrast to OMS, 
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access to this website was made possible through the university institution account. From Corine 

Land Cover (CLC 2018) database we received cartographic data on land cover, with the aim of 

providing information on land cover and land use in our study area. The above retrieved data 

were transformed into SWEREFF 99 TM projection and cut off based on Västernorrland layer. 

3.3 Kernel Density Function 

With the intention of acquiring a first picture of the density of MVCs as a continuous field 

(raster) we used Kernel Density Estimator (KDE). In statistics, KDE is a spatial interpolation 

method and is used in order to calculate the density of features in an area around these features. 

It is one of the most applied methods for visualizing and analyzing spatial data, and is applicable 

for understanding and possibly assessing event patterns (Kalinic & Krisp, 2018). The scope of 

application is particularly wide for research on hazardous area estimation and, among others, in 

road accidents (Anderson, 2009). Gatrell et al (1996) interpret the KDE method with a more 

general aspect, “where instead of a grid being set on point data, a moving 3-D function (the 

kernel) is weighted in each position, and in this way their density is calculated according to the 

distance from the point where the intensity is estimated”.  

The density of a spatial distribution of points is calculated as follows: 

 

where h is a parameter (kernel width parameter) called bandwidth and determines the level of 

smoothing that takes place through the function (1) (Hwang et al. 1994). KDE method has a 

significant effect in detecting hot spots by determining the sequence of estimations which are 

made over a grid, along the overall pattern of features. Each of these estimates shows the 

intensity at a particular location and therefore, where there is an accumulation of many points, 

kernel has a higher density than where there are a few points. And because each kernel is a 

density, the final estimation is a realistic function of probability density (Kalinic & Krisp, 2018). 

In those locations where a substantial find of clustering, ordering, or dispersion of data points 

is presented, suspicions arise regarding the existence of factors that affecting such a pattern 

(Cadle, 2001).  

Our role focuses on calculating and visualizing the kernel on map and therefore we had to define 

the smoothing an appropriate bandwidth. It is important to note that small values of h have the 

advantage of shaping the results in a greater depth, as opposed to large values where significant 

information will be lost (Krisp et al., 2009). The bandwidth value may receive different values, 

always depending on the approach and purpose of the researchers. Another important issue that 

we need to consider is the scale and the total area of the study area (km2). The choice of units 

of measure plays a crucial role because as they increase, the values of each pixel of the raster 

surface produced, will tend to increase accordingly. We used several (4000m, 2000m, 500m 

and calculated value by default settings) search radiuses to investigate MVC clusters, so that we 

can visually compare their outputs. During the implementation of the KDE, no field of points 

was used as a weight. The cell size was calculated to 15 m. The classification method is based 

on Jenks Natural Break algorithm and 7 classes (blue to red color ramp) were used to identify 

spectral band of point pattern densities. Västernorrland county was used as input for the mask.  
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3.4 Incremental Spatial Autocorrelation 

Aiming to perform the Hot Spot Analysis, a search radius or band distance is required. In this 

study, we used incremental spatial autocorrelation tool in ArcGIS Pro (Spatial Statistics Tool) 

in order to determine the optimal distance radius for the MVC scale of analysis. In other words, 

we calculated the incremental spatial autocorrelation of collisions to define an appropriate scale 

of analysis. This tool measures the spatial autocorrelation for a range of distances and creates a 

linear graph of these distances and the corresponding z-score. The Global Moran's I index is 

being investigated, showing us the general value of autocorrelation for the whole study area. 

Positive autocorrelation is presented when similar values in neighboring areas, while negative 

autocorrelation occurs for non-similar values that they are very close to each other. Before 

applying the incremental spatial autocorrelation tool, we checked our data for locational outliers. 

Thus, we computed the mean center and the median center for the MVC spatial point 

distribution and found out that the outputs lie close to each other, in the center of the study area. 

To this end, we adjusted Euclidean distance method was chosen to conceptualize the spatial 

relationships and set 10 Number of distance bands. From the extracted report, the distance 

corresponding to the first peak was used for our analysis. 

3.5 Emerging Hot Spot Analysis 

After the spatial autocorrelation analysis, we chose to implement a spatio-temporal method such 

as Emerging Hotspots in order to determine MVC hot spots in Västernorrland county. The 

“emerging hotspot analysis” tool was used to identify statistically significant trends on the 

aggregated data and reveal events taking place at different times in the scale of our study. In 

essence, it is a more targeted process of observing a phenomenon in how it evolves over time. 

By default, the Emerging Hot Spot Analysis tool applies a series of distinct categories for each 

bin. The categories are 17 and are divided into 3 scenarios: One category of non-significance 

along with eight hot spot and eight cold spot categories. Within MVC analysis, the detection of 

different time trends traced in space could be addressed accordingly. For the processing of 

space-time analysis, we used the tools available in space time pattern mining toolbox in ArcGIS 

Pro. The ArcGIS toolbox contains statistical tools for our purpose. For the needs of our analysis, 

we firstly transformed the data into a netCDF (Network Common Data Form) data cube by 

aggregating the points into so called space-time bins. Therefrom, we set the time interval to 3 

months including a time period from 2015-01-01until 2019-12-31, thus 20-time steps. Data were 

aggregated into hexagonal grid, while the distance interval was set to 3 km. 

3.6 Hot Spot Analysis (Getis-Ord Gi*) 

In this section, Hot Spot Analysis (Getis-Ord Gi*) was chosen as a method of calculating and 

representing spatial concentrations of MVCs. This tool detects statistically significant spatial 

hot spots or cold spots areas by calculating the statistical z-value. The function of this tool 

focuses on each feature within the context of neighboring features. Before performing the 

analysis, we checked whether the data were grouped in some form of spatial auto-correlation 

technique. This time we chose Getis-Ord Gi* (High/Low clustering) provided that Global’s I 

took place in a previous section. To implement the Hot Spot Analysis, we determined the 

Conceptualization of Spatial Relationship as Fixed distance band, while the method of 

calculating the distances of each characteristic from its neighboring ones was carried out with 

Euclidean distance.   
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3.7 Ordinary Least Squares (OLS)  

In statistical models, regression analysis constitutes the statistical process in which it is possible 

to estimate the correlation between a dependent variable with one or additional independent 

variables. This is an application where the use of explanatory methods of spatial data analysis 

will help to the understanding of spatial processes. These methods are based on hypotheses, 

empirical evidence and a review of the relevant literature on the cause and effect of spatial 

phenomena. In our case study, we use Ordinary Least Square regression (OLS) which represents 

a global regression technique for estimating the unknown parameters in a linear regression 

model. In particular, in this case, if we assume that we have 8 independent variables, X and the 

dependent variable Y, then the model will have the following form:  

 

where, Yit symbolizes the dependent variable, X2it, X3it, …, X9it represent the explanatory 

variables, β1 represents the intercept, β2, β3, …, β9 represent the coefficients and u is the residual 

error. According to the above relation (1) the reversal estimate based on the case of the OLS 

method, results will be obtained regarding the statistical significance of coefficients, the 

multiple R-Squared, the degrees of freedom, the VIF (variance inflation factor) etc. In order to 

create the final model, many experiments and tests were performed between the independent 

variables. Moreover, in the process of applying this method, restrictive assumptions are adopted 

which will be presented in the following subsection. 

 

Variable Analysis – OLS Workflow Determination  

The total count number of MVCs recorded along Västernorrland county between 2015 and 2019 

was 1264. These records concerned both the road and the railway network and therefore the 

latter were removed from the point dataset. Thence, our analysis focused on 1032 collision 

points. We decided to analyze the MVCs in well-distributed space data (gridded) because we 

would be able to determine the local regression coefficients and identify spatial relationship 

(relevance) of data. Before we define the grid-based subspace we had to calculate the distance 

between the MVCs (specified in the Neighbors parameter). “Calculate distance band from 

neighbor count (Spatial statistics)” tool showed Maximum distance: 18157, Minimum: 0 and 

Average: 2111. Subsequently, through "generate tessellation" tool we determined the degree of 

detail illustrated on the histogram from the size of spatial unit (m2). We set an extent size of 3 

km and defined shape type as square. From the grid that was created, we selected only the cells 

that intersect with the main road network. The next step was to divide the road network in order 

to include road type and traffic data (points). For this purpose, we used the generated grid to cut 

road segments into sections.  

With regard to traffic data, we had to deal with the number of the measurement points in the 

same grids. Therefore, a question that arose was how do we get the best possible flow rate and 

average speed value for each grid. The approach we followed was based on the different 

categories of average speed and number of vehicles (cars + trucks) during daytime (06:00 - 

22:00) and nighttime (22:00 - 06:00). Thus, we summarized them into four variables by each 

point. More specifically, we summarized: (i) Number of vehicles during the day, (ii) Number 

of vehicles during the night, (iii) Weighted Average Vehicle Speed During Day and (iv) 

Weighted Average Vehicle Speed During Night. In the case of average speed, we considered 
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the fact that there are many more cars than trucks and for this reason we set weights. As a result, 

we multiplied speed by the number of vehicles for each category and then we divided by the 

total number of units. The weighted mean approach provides a more reasonable presentation of 

what is the actual average speed of vehicles during the day and night. After we have 

accomplished the above process, we used the “identity” tool to add on each observation (traffic) 

point the object ID of the grid. In some cases, we had more than one observer's point, that is, 

points that corresponded to the same ID and which we had to transfer to the grid. Towards this 

end, we used the summarize tool to retrieve a table with the average of the four summarized 

variables. Then, we joined the table to the grid.  

The segmentation of the main roads aimed to record exploratory variable information 

throughout the network, and therefore in the intersected grids. However, several road segments 

did not coincide with any observer traffic point, while other grids did not contain corresponding 

traffic data at all. In some cases, road segments and traffic points were separated by several 

grids. With the help of “near” tool, we calculated the distance and additional proximity 

information of traffic points and the nearest road segment. In this way, number of vehicles, 

weighted average vehicle speed and road type variables were included to each road segment. In 

addition, due to road intersection, one or more segments were observed in each grid. That is, 

each grid often included different types of roads. For this reason, with the help of Microsoft 

excel, we decided to sum shape length by road type and then take the highest value. Thereafter, 

we joined the road feature with the grid layer.  

Another issue that needed to be addressed was the categorical form of road attributes. Initially, 

the road classification included the code value of each segment and its description. Regression 

analysis requires numerical values. For this purpose, road categorical values are recorded into a 

set of separate binary variables. "Dummy variables" as they are called, have been incorporated 

into the OLS regression model and represent the categories of roads that cannot be quantified. 

More specifically, we grouped our road network variables into two categories. The first 

subsumed those roads that consist of the arterial thoroughfare E4, while the second included the 

rest of the road network. For each category, dummy variables taking values 0 and 1 were 

matched accordingly.  

In relation to the Corine Land Cover 2018 (CLC2018) data, the overlap percentage between the 

land cover distribution range per grid was calculated using the “Tabulate Intersection” tool. 

Different coverage categories were merged into one single layer and then we applied the tool in 

order to get area and percentage results for each grid. We must emphasize at this point, that land 

cover categories that had almost similar or related characteristics to each other, were 

summarized in one. For example, “water bodies” with “water-courses” were made up in one 

category, hence following the established classification guidelines of CLC2018.  In an effort to 

avoid multiple lines after running join field tool, we used a pivot table, where in each line the 

grid ID was registered and respectively in each column the different categories of land cover 

were entered. We used the percentage results to populate the pivoted fields in the output table. 

Finally, the number of clashes, i.e. the count of MVCs in each grid was defined as the dependent 

variable in the OLS regression analysis. We also created two more independent variables, (i) 

the log of collisions and (ii) a count collision variable relative to the number of vehicles 

throughout the study period per grid, in order to conduct our model analysis in alternative ways.   
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4. Results 

4.1 Kernel Density Estimation of MVCs 

Applying the kernel density method, with 3 different search bandwidth values, a calculated 

value by default and a cell size of 15 meters, a four-fold density map (Map 2) was created for 

the MVCs incidents along Västernorrland county. In each map, areas with increased collision 

density are identified and similarly areas with lower density. It should be noted that the 

evaluation of the results is important since they are related to the scale of the question we are 

trying to answer. The scale at which MVCs are detected is the main road network of 

Västernorrland. It can be observed that the density of collisions differentiates as the search 

radius changes.  According to the map where h = 500, the effect zone in the area is widely 

distributed throughout the county and to that tend, the density of collisions is not easily 

perceived. For maps with h = 2000 and 4000 a less intense dispersion occurs in the wider area 

and a continuous display of density is reflected on the main road network. In the latter case 

search radius units are based on computer-generated distance, specifying a radial distance of 

14.2 km. The large bandwidth parameter redounded to increased smoothing of the MVC clusters 

along the study area. It is now clear that the density of the collisions is greater in the central and 

eastern part of the county and in close proximity to the urban centers of Timrå, Sollefteå and 

Örnsköldsvik. 

4.2 Interpreting Incremental Spatial Autocorrelation results 

In order to measure the degree of spatial clustering of MVCs for each distance, we used 

incremental spatial autocorrelation to ran the Spatial Autocorrelation (Global Moran’s I.). In the 

process, we selected to export a report file which provides information on z-score. The z-score 

reflects on the variability of high and low values of spatial clustering and statistically significant 

peak z-scores(s) point out corresponding distances where spatial processes promoting clustering 

are most pronounced. The diagram (figure 1) provides information about spatial autocorrelation, 

ie it indicates the degree of dependence of collisions within the study area, with values of the 

same variable in neighboring sites. An important first observation concerns the existence or 

non-existence of linearity. The points don’t follow a straight line or a curve, but they are 

scattered. From Table 1, we verify the above observation, since Moran’s Index values fall zero 

(perfect randomness). As a result, collisions do not follow a certain pattern and this is a first 

important step in determining the regression model in a later stage. As demonstrated by the line 

graph, there are four peaks: the first at 18,945 m, the second at 23058.87 m, the third at 25801.3 

m and the fourth at 28543.73 m. The first peak distance and the maximum pick distance are 

highlighted with a halo. In table 1, the distances and the z-score values are presented in a table 

format. The Moran's I values corresponding to four peaks are 0.0144, 0.0146, 0.0140 and 0.0099 

respectively, indicating intense clustering. Regarding the choice of the most appropriate 

distance value, there is not a single correct distance at which to perform the MVCs analysis.  

The distance we chose therefore for our Hot Spot Analysis is the first peak distance. 

4.3 Identification of MVCs Hot Spots 

Emerging Hot Spot Analysis tool categorized each bin into 4 distinct categories: New, Sporadic, 

Oscillating Hot spots and into bins that there were no patterns detected. From Map 3, we can 

see that most of the clashes occurred in the western part of the county, while sporadic and 

oscillating hot spots present a more scattered distribution over the last 5 years. With regards to 
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Hot Spot Analysis (Getis-Ord Gi*), initially we confirmed through High-Low Clustering Report 

the pattern does not appear to be significantly different than random. Subsequently, as it 

emerged from the analysis (Map 4), there is a statistically significant concentration of high 

MVCs values in its southern, central and western parts, while in the east and southwest 

statistically significantly lower values are observed (Cold Spots) 

 

Figure 1: Incremental Spatial Autocorrelation graph z-scores. 1st peak and max distance are visualized with halo. 

 

Distance 
Moran's 

Index  
Expected 

Index 
Variance z-score p-value 

17574 0.014243 -0.00097 0.000046 2.248298 0.024557 

18945.22 0.014452 -0.00097 0.000039 2.459884 0.013898 

20316.43 0.011439 -0.00097 0.000034 2.139124 0.032426 

21687.65 0.011981 -0.00097 0.00003 2.382494 0.017196 

23058.87 0.014603 -0.00097 0.000026 3.047196 0.00231 

24430.08 0.013319 -0.00097 0.000023 2.972808 0.002951 

25801.3 0.014026 -0.00097 0.000021 3.3004 0.000965 

27172.52 0.010118 -0.00097 0.000019 2.564277 0.010339 

28543.73 0.009914 -0.00097 0.000017 2.645929 0.008147 

29914.95 0.011303 -0.00097 0.000015 3.12744 0.001763 

First Peak (Distance; Value): 18945.22; 2.459884 

Max Peak (Distance; Value): 25801.30; 3.300400 

Distance measured in Meters 

Table 1: Incremental Spatial Autocorrelation by Global Moran's I. 
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4.4 Ordinary Least Square Regression Analysis 

As mentioned in section 4.7, ordinary least square regression describes the relationship 

between the dependent variable (count of collisions) and the independent variables of the model 

(Sum of number of vehicles per day, non-irrigated arable land, transitional woodland/shrub and 

dummy variable for E4 road and Road, road no. > 500). Subsequently, the results of the 

indicators that emerged from the OLS regression model are shown in table 2: 

 

Table 2: OLS regression analysis results & diagnostics 

The negative sign of the coefficient means that the relationship is negative, while positive 

coefficients define the relationship as positive. As we can observe, the coefficient of 

SUMNUVEDAY is positive. This translates to the fact that the more vehicles cross the road 

during the day, the more collisions there are. Of course, such a positive coefficient is to be 

expected. Otherwise, that is, if the coefficient was negative, we would not be able to trust our 

model. NONIRRIGAR has also a positive coefficient, which seems to be reasonable. However, 

in the case of TRANSITION, the result is not as expected. According to the literature, 

transitional woodland/shrub is a type of land where moose activity is observed. Interpretations 

of the negative factor could relate with important variables that are missing from the model and 

obscure the true relationship. In other words, maybe the impact is not so strong here because 

there are many other types of land use that they are even more relevant. Another cause concerns 

the influential outliers (one or few hot spots with many collisions) which are observed in the 

produced scatterplots. In the sequel, the coefficient for E4_N0500 variable is positive and in 

fact it has the “best” statistical significance. Although, we must emphasize the difference 

between the latter variable and land use variables, which deals with their different measurement 

scales. The dummy E4_N0500 variable receives only values 0 and 1, while land use variables 

are measured per percentage point. Nonetheless, taking into consideration the average value 

(4.8) of NONIRRIGAR and multiply by the percentage, in most cases its effect will remain 

lower than E4_N0500, verifying the initial observation. 

One of the key assumptions of the multiple linear regression model is that there are no linear 

relationships between the exploratory variables. In case this happens, then the problem of 

multicollinearity occurs. We checked for redundancy among the exploratory variables through 

VIF (variance inflation factor). From table 2, there is no indication of multicollinearity (VIF < 

7.5) among the variables.  
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The next step is to check the statistical significance of the exploratory variables. Coefficient 

statistical significance is expressed through its existence star (*) in Probability and Robust 

Probability columns. When the Koenker (BP) statistic is statistically significant, then it is only 

taken into account the Robust Probability column to determine if a coefficient is significant or 

not. The smaller the probabilities, the more important the coefficients are. As a result, we found 

out that E4_N0500 and NONIRRIGAR variables are the most statistically significant. 

Akaike’s Information Criterion (AICc) is mainly used to compare many candidate models 

based on the corresponding value they produce. In every case, the dependent variable must 

remain the same in order for their comparison to be possible. Akaike’s criterion can also be 

used to compare OLS and GWR regression models. Lower AIC scores are better.  

The adjusted R squared value ranges from 0 to 1and interprets the percentage of variability of 

the of the dependent variable explained by the model. The desired values that form a "good" 

R2 value must be higher than 0.5, but this also depends on the relationship we are trying to 

model. R2 has a low predicted (0,09) value and as a result, the impact of the independent 

variables is insignificant, thus implying that the model has not taken into account all significant 

exploratory variables. 

Through Jarque-Bera test, we find out if there is Normality in the distribution of the residuals, 

which is one of the basic conditions of the regression model.  In our case, a Normality problem 

is detected since the probability values is 0 which indicates that the model may be biased. Map 

5 shows the spatial distribution of the residuals through seven classes that reflect the standard 

deviation. From the classification it is observed there is a higher number of positive residuals 

and therefore the MVCs are underestimated in our model.  

Figure 2 shows the histogram of the residuals and which does not appear to follow the normal 

distribution, as presumed by the OLS regression, but rather a skewed distribution pattern.  

 

Figure 2: Histogram of Standardized Residuals of grid data analysis  
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Also, from the graph of Residual vs. Predicted Plot presented in figure 3 we observe that the 

variance is kind of constant, but does not follow the regression line. Also, the predictions of 

MVCs are very low, but in many cases the number of accidents is high. So, in a way, the model 

fails to predict the cases where many conflicts occur.  

 

Figure 3: Residual Distribution of MVCs data per grid.  
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5.     Discussion 

The analysis of moose vehicle collisions along Västernorrland county in terms of spatial and 

temporal aspects, focused on a total number of 1032 of cases during 2015-2019 time period. 

Hence through a bibliographic investigation of the topic, data retrieval and application of a 

series of methods, we analyzed the positions of MVCs with spatial tools and highlighted the 

indicators that describe spatial distribution. More specifically, through the Kernel Density 

Estimation method, we calculated the density of MVCs, using several different bandwidths. 

Smoothing factor (h) played a key role in the way we portrayed the kernels on the maps. As 

the value of h is increasing, intense clustering was observed in close proximity to the urban 

centers, while for lower h values, high cluster intensity is reflected at different sites alongside 

the main road network. Although with this tool we are able to know where the clusters are 

located in our data, we cannot substantiate whether these clusters are resulted randomly, or if 

there are factors affecting the spatial patterns. With the objective to base our explanation on 

more tangible results, we worked our analysis on detecting potential patterns, both from spatial 

and temporal approach.  

Therefore, the next step was to perform a Hot Spot Analysis through which we found 

statistically significant concentrations of MVCS in our study area. Initially, we used the 

incremental spatial autocorrelation to delineate the scale of our analysis but also, to examine 

the degree of autocorrelation of MVCs, which was determined by a random distribution. Based 

on the first peak of the scale we defined the scale of the analysis which was conducted through 

Hot Spot Analysis. An emerging Hot Spot Analysis and a Hot Spot Analysis (Getis-Ord Gi*) 

detected clusters of high and low values in the MVC dataset. Clustering of clash incidents was 

based on p-value and z-value and as a result, the values of the observation points were imprinted 

through confidence intervals. It is important to know where and how the clusters are occurring, 

because meaningful information may be provided regarding the processes that promote the 

emergent clusters. Knowing that MVCs are consistently greater in specific parts of the main 

road network or near an urban center, it is very important information for planning effective 

mitigation strategies, such as setting traffic barriers and fences along the road (Clevenger et al. 

2001; Seiler et al. 2003; Olsson et al. 2008; Sjölund, 2016), constructing overpasses or 

underpasses for safe passage (Mastro et al. 2008; Olsson & Widen 2008; Mountrakis & 

Gunson, 2009). As studies have shown in the past, a number of deterrents are capable of 

addressing with the phenomenon of MVCs. Our study oriented on investigating and 

highlighting those factors correlated with MVCs, in order to, primarily, clarify certain causes 

behind the clashes, and secondly, to contribute to the broader studies aiming at analyzing and 

addressing the phenomenon. Therefore, the question we were called upon to answer is, "Why 

are MVCs so high in these hot spot areas?". 

In order to answer this question, we used the ordinary least squares regression tool. Initially, 

the MVCs were correlated with a number of variables aggregated in 3 km grids, which 

intersected with the main road network of Västernorrland county. These variables were related 

to characteristics of the road network and land uses. The results obtained through the process 

of least squares, showed statistically significant coefficients between the collisions and the 

explanatory variables. However, the adjusted R squared showed low score and therefore, we 

conclude that the count of collisions cannot be satisfactorily predicted by the independent 
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variables, indicating low model performance. The use of different dependent variables and their 

correlation with the independent ones, did not significantly improve the results of regression. 

We can therefore draw two main conclusions about our model.  

Initially, the OLS regression analysis did not produce a perfect model on understanding the 

factors that explain the collisions. As presented by figures 2 and 3 the unusual pattern of 

residuals and the distribution (highly skewed), indicates that the form of count data is not a 

good fit for OLS. To derive predictive probabilities relating to count data, it would be more 

appropriate to apply a Poisson-type regression, which has a more complex probability function 

in relation to that of the linear regression. Nevertheless, the elaboration of the master's thesis 

was aimed at the use of ArcGis tools and software, and therefore the reflection of the spatial 

dimension of the MVC phenomenon. OLS regression still constitutes a useful “proof of 

concept” concerning the individual statistically significant coefficients.  

The second conclusion concerns the improving performance of the model. As evidenced from 

the results, the low predictability of the independent variables indicates the absence of some 

key variables. Possibly, the latter could explain, to a greater extent, the effects of collisions. In 

this study, the selection of independent variables was mainly based on the methodological 

workflows followed by other researchers, as described in the "Related Studies" section. This 

led to a more “global” approach of collecting data and does not always have the same 

satisfactory result for any "local" case study. 

5.1 Limitations 

Ordinary Least Squares Regression is considered a good starting point for all spatial regression 

analysis. Considering the current structure of the data, it would be very interesting to implement 

a Poisson regression and compare the results between the two models. However, this is not 

feasible in the ArcGis environment while at the same time, using a statistical software such as 

SPSS or Stata for the Poisson application, it would deprive the possibility of cartographic 

presentation. 

It should be noted that MVCs and AVCs in general is a complex problem due to the existence 

of many factors that change spatially and it is not always possible to include them in the data 

of our collection. Also, our analysis did not include data such as fences, barriers or crossings 

(overpasses, underpasses), as they were not available. These data, according to the literature, 

are important explanatory factors regarding the activity of moose and consequently they could 

perhaps improve model’s performance.  

5.2 Future studies 

The present master thesis presents an elaborate methodological approach to the spatial analysis 

of MVC spatial patterns. In particular, it takes into account previous studies on AVCs and 

collects a number of explanatory variables related to road network attributes and land cover 

data of the study area. With regard to the extension of present research, the analysis must focus 

on using more local variables that might explain the phenomenon to a greater extent. As a first 

step, it is important to consider the urban and landscape environment in which the high kernel 

density and hot spots occurred. Possibly, a dummy variable for the urban environment, 

population density, underpasses or overpasses, barrier, fences, weather data, ground data, etc., 

could be considered as exploratory variables and make higher predictions for the OLS 

regression model.  
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As already mentioned in section 4.7, OLS regression is a “global” dependence model and refers 

to stationary spatial phenomena. It is used to explore the linear relationship among the variables 

and it assumes the independence of data from the spatial location. In order to overcome this 

limitation, we can use the GWR which is a local, spatial, regression method and allows the 

examination of local variations in spatial processes across the study area. GWR is available in 

ArcGis software and therefore, can be applied to find out if our model can be improved. 

Through AICc and R2 indicators, a comparison of performance between the two types of 

regressions (OLS & GWR) can be achieved, by using the same dependent and exploratory 

variables. 

Finally, in the recent past, Huang et al. (2010) expanded the implementation of the GWR model 

by incorporating the temporal effect, thus creating a new regression model. Geographically and 

temporally weighted regression (GTWR) model is a local model of linear regression which 

simultaneously explains both spatial and temporal non-stationarity. In contrast to the classic 

GWR model, GTWR takes into account both temporal and spatial information in the weighted 

matrices, to capture spatial and temporal heterogeneity in the relationship between the 

variables. The researchers used a case study of residential housing sales in the city of Calgary, 

from 2002 to 2004, in order to test the performance of GTWR, in relation to the typical 

regression models. More specifically, they compared GTWR with global OLS, TWR 

(Temporally Weighted Regression) and GWR in terms of goodness-of-fit and other statistical 

measures. The results of the modeling showed that their significant benefits for both spatial 

and temporal nonstationarity simultaneously. To date, the GTWR regression model applies to 

many different disciplines (Ge et al. 2016; Sholihin et al. 2017; Mirzaei et al. 2019), but has 

less impact on accident prediction models. Consequently, this research could be further 

expanded, using a regression model that has not yet been widely applied in the field of traffic 

accidents and AVCs. 
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6.     Conclusion  

The aim of this thesis was the spatio-temporal analysis of moose vehicle collisions and the 

creation of a pattern-model, through the factors related to it. Our study focused on 

Västernorrland county during the time period 2015-2019. The largest amount of data related to 

the collisions and traffic data, was obtained from National Wildlife Accident Council and the 

Swedish Transport Administration respectively. Through Corine land cover inventory data we 

had access to land physical and anthropogenic data, while further, additional natural data were 

obtained from online databases.  An important way to approach the issue was to review the 

existing literature on the topic. Based on this, the master’s thesis was developed in a clearly 

defined theoretical framework but also in an empirical methodological orientation.  

The first individual objective was to identify the wider areas with high collision density and 

those areas with lower. Through the Kernel Density Estimation method, we spotted the intense 

clustering for different values of smoothing factor (h), along the main road network and in 

close proximity to urban centers.  

Subsequently, the distribution of collisions was estimated and mapped with the aim of detecting 

statistically significant hotspots and coldspots. Hot Spot analysis (Getis-Ord Gi*) showed that 

three areas in Västernorrland county could be classified as high-risk areas for MVCs. The 

Emerging Hot Spot analysis showed that there are four statistically significant distinct 

concentrations of MVCS that follow different temporal patterns. In addition, spatial 

autocorrelation of MVCs was examined through incremental spatial autocorrelation tool. 

Taking into consideration the Global Moran’s I index and the random distribution of the 

pattern, the overall conclusion is that there is no spatial autocorrelation of MVCs in the study 

area. 

With the purpose of investigating the effect of explanatory factors on MVCs, we applied a 

global regression model using the least squares method. The variables were related to road 

network characteristics and land uses. Before applying the regression analysis, it was important 

to delineate the environment in which our variables would be processed. Therefore, we decided 

to generate a tessellation and keep only the grids (3km) that intersected with the main road 

network of the county. Inside the intersected grids, we aggregated the dependent and 

independent variables.  

The exploratory variables of the final OLS regression model where the number of vehicles per 

day, non-irrigated arable land, transitional woodland/shrub and dummy variable for E4 road 

and Road, road no. > 500. Although, the results showed statistically significant coefficients 

between the independents variables and the count of collisions per grid, these could not explain 

the model in a high R2 value.  

In conclusion, despite the possible additions, improvements and developments that could be 

implemented, this master thesis is able to provide a methodological framework for analyzing 

moose vehicle collisions and identifying factors that affect them. In fact, this is achieved 

through the use of Geographic Information Systems, within a framework of spatial analysis 

and techniques, which contribute to drawing useful observations and conclusions about the 

relationships that determine and describe the MVCs.   
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7.     Abbreviations 

 

AIC: Akaike’s Information Criteria 

AVCs: Animal-Vehicle Collisions 

CLC2018: Corine Land Cover 2018 

DVCs: Deer Vehicle Collisions 

GIS: Geographic Information System 

GWR: Geographically Weighted Regression 

GTWR: Geographically and temporally weighted regression 

KDE: Kernel Density Estimation 

KVCs: Kangaroo Vehicle Collisions 

MVCs: Moose Vehicle Collisions 

OLS: Ordinary Least Squares 

SPSS: Statistical Package for the Social Sciences 

UVCs: Ungulate Vehicle Collisions 

VIF: Variance Inflation Factor 

WVCs: Wildlife Vehicle Collisions  
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https://www.trafikverket.se/en/startpage/operations/ITS/spa--data-on-the-road-transport-system/road-safety-related-traffic-information/access-to-data/
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Map 1. Map of the study area with Game information about MVCs in Västernorrland county 
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Map 2. Kernel Density Estimation (KDE) outputs with different search radius reflecting intensity of MVCs along Västernorrland County 
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 Map 3. Emerging Hot Spot Analysis - MVCs during 2015-2019 in Västernorrland County 
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Map 4. Hot Spot Analysis (Getis-Ord Gi*) - MVCs during 2015-2019 in Västernorrland County 
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Map 5: Ordinary Least Squares (OLS) - MVCs during 2015-2019 in Västernorrland County 

 

 

 

 

 

 

 


