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ABSTRACT

Road ecologists and transportation engineers have been exploring new methods to
adapt to the environmental and motorist safety concerns involving wildlife-vehicle
collisions. There are over one-million crashes with large-bodied wildlife every year in the
U.S. that result in substantial property damage and personal injuries. Recent studies
modeling these collisions identify where they cluster, and the landscape, road, and driver
characteristics that influence the likelihood of a collision along short road corridors and
small geographic regions. This research expands on current knowledge and attempts to
model the risk of wildlife-vehicle collisions on a large geographic scale. This research
investigates different analysis methods and creates predictive models that will estimate
the risk of a wildlife-vehicle collision as drivers travel across multiple ecosystems.
Different analysis units were created to extract two similar datasets that are modeled
against two different response variables — reported collisions and roadkill locations.
Regularization is used to help with feature selection. Negative binomial regression
models are built to predict risk. Random forest machine learning helps better understand
the percent of variance explained by the variables in each model. A range of statistical
measurements were taken to compare the non-nested models. The best performing model
is applied to the seasonal division of data. Yearlong and seasonal risk is mapped onto the
road network and color-coded to show the differences in risk on Montana’s road network.
The maps capture the changes in risk throughout the year, they generally match where
wildlife-vehicle collisions actually happen, and even coincides with published work on
the locations of collision hotspots in Montana. This research is the basis for future
complex real-time risk-mapping models that can be integrated into smart technology and
developed into on-board driver alert systems. With the advancements of autonomous
vehicle, it is possible to incorporate real-time driving data into models that will analyze
wildlife-vehicle collision risk based on vehicle location, season, time of day and driving
habits. This can increase driver safety by informing them when they are traveling in areas
where wildlife-vehicle collisions are more likely to happen, and can be especially helpful
while driving on unfamiliar roads.
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CHAPTER ONE

INTRODUCTION

Roads and Wildlife

By the time the motorized vehicle was invented around 1900, an extensive road
system was already established in the United States. The network mirrored land use and
transportation corridors of the nineteenth century, and for the most part followed existing
topography (FHWA, 1979). The road system has merely doubled since 1900, but the
vehicle capacity has multiplied to accommodate an ever-increasing demand (Forman et
al. 2003). In 2016, there were approximately 4.14 million center-line-miles of public
roads in the United States, with 2.94 million miles of that located in rural areas (FHWA,
2018). Between 2000 and 2013, the U.S. added an average of 33,217 lane miles, 69.2
square miles of land cover, per year (FHWA, 2018). The road network, which does not
include rights-of-ways, parking lots and driveways, takes up less than half of one percent
of the of the total land area in the United States. Although this number is small, it is
estimated that 19% of the total area of the U.S. is directly affected ecologically by roads
and associated vehicular traffic (Forman, 1999).

In the 1920’s and 1930’s, conservationists started to notice the amount and
diversity of wildlife species dead along the roads (Kroll, 2015). Fifty years ago, most
projects were not put under federal review to consider the environmental impacts. Since
then, many environmental laws and guidelines have been established to protect the

natural environment from the negative effects of highway construction projects. Today,
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transportation engineers are required to understand the hydrological and ecological
effects of a project. In many states they are required to implement infrastructure, or other
counter measures that mitigate the adverse effects of roads through certain habitat and
wildlife populations.

Over the past three decades the amount of overall vehicle crashes remained
relatively constant, while the amount of wildlife-vehicle collisions (WVCs) have been
increasing (Forman et al. 2003; Huijser et al. 2009; Sullivan, 2009). As vehicular safety
increases, transportation engineers still struggle with reducing WVCs. According to
Montana Department of Transportation (MDT), WVCs continue to increase in largely
rural states like Montana.

An array of engineering measures have been found to reduce WVC risk to
varying degrees. There are many tools engineers have for mitigating WVCs: wildlife
under- and over-crossings, wildlife signage, fencing, and animal detection systems. There
are many different types of wildlife crossing signs that can be placed along roadways
seasonally or permanently, depending on the risk to drivers and wildlife. Though signage
does have the ability to increase driver awareness and cause them to decrease speed, they
are relatively ineffective at reducing WVCs (Al-Kaisy et al. 2008, Huijser et al. 2008).
When wildlife crossing infrastructure is designed properly, it has the ability to reduce
collisions with wildlife by up to 95% (Feremenga et al. 2017; Huijser et al. 2009;
Sullivan et al. 2004).

Due to the costs of wildlife crossings and its attendant exclusionary fencing, siting

this infrastructure can only be provided sparingly across a large area where WVCs
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commonly create safety issues for drivers. Road ecologists have attempted to determine
the locations where WV Cs cluster and understand their contributory factors, chiefly along
short road corridors or small geographic areas (Bartonicka et al. 2018; Clevenger et al.
2002; Creech et al. 2016). There is substantial evidence there are known road, landscape,
and human characteristics that increase the likelihood of a WV C occurring. This helps
transportation planners prioritize areas with high rates of WVCs, and help with the
implementation of road management practices to reduce WVCs, i.e. reduce vegetation
height along roadways to allow more visibility.

This study takes a new approach to evaluate a statewide road network while
controlling for an array of landscape (e.g., topography, flora, canopy cover, land-use,
etc.), road (e.g., speed, annual average daily traffic [AADT], road width, etc.), and
species distribution variables, to anticipate high WV C probability locations. It focuses on
using effective and inexpensive techniques to address this problem on a large geographic
scale with seasonal precision. The findings can be used to further inform transportation
policies to mitigate WV C risk and to estimate the impacts on WVC risk as traffic patterns
shift and road networks evolve. Moreover, smart-phone based systems have been used to
collect, manage, and utilize WVC data (Olsen et al. 2014).

Data-informed results, like the ones presented in this paper, can be integrated into
those smart systems to achieve real-time risk-mapping of WVCs and developed into
commercial products like on-board driver alert systems. This research is important to
increase driver awareness and therefore may help reduce reaction time when driving in

unfamiliar areas. Even with all the technology, autonomous vehicles may still collide
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with wild animals. The type of modeling from this research project may be incorporated
into warning systems that allow for the identification of roadways where WVCs are more

likely to occur.

Description of Proposed Modeling Research

This research is designed to compare two methods of analyzing risk of a WVC on
a state-wide scale. It compares two data extraction techniques of road and landscape
variables and creates two different datasets. These predictive variables are analyzed
against two different response variables: reported WVCs and carcass locations. Due to
the unique nature of WVC data, multiple modeling approaches are tested to see which
ones can be used to best predict collisions. The most accurate models will be used to find
seasonal variables of predictive power, which will be used to create a risk maps of the
state of Montana’s main road network. Throughout the process, paths are chosen based
on the scale of the data, published research, and my knowledge of wildlife biology and

transportation engineering.
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CHAPTER TWO

LITERATURE REVIEW

Wildlife-Vehicle Collisions

Wildlife-vehicle collision data is unique from other vehicular crashes in many
ways because it is not systematically collected and is more susceptible to under-reporting.
Vehicle crashes with animal data are collected by local police and private insurance
agencies. Animal carcass data is collected by transportation maintenance personnel and
citizen scientist through observations of carcasses along highway right-of-ways. The
differences between reported crash and carcass locations make it difficult to know the
exact number of WVCs that occur in an area. They also produce different datasets due to
the limitation of information obtainable through each collection method.

A carcass is direct evidence of a collision that has occurred at that location, or
nearby. Animals can travel long distances after being injured, and can either die along
another section of road from where they were hit, or wander away from the road and die
where they will never be found (Forman et al. 2003; Huijser et al. 2008). Collecting
carcasses allow the identification of species and detailed description of crash locations.
Data regarding all sizes of animals can also be collected and gives a better understanding
of the diversity of populations that are directly impacted by the roadway. If routes are
routinely traveled, collision dates can be estimated based off the last time it was visited

and decomposition stage of the animal that has been found. It is important to remove
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carcasses so they do not attract other scavenging animals that may also be hit by
oncoming traffic.

Collisions with wildlife that are reported to local police or insurance companies
rarely includes details about species information, but allow researchers the ability to
obtain driver characteristics and environmental factors (e.g. gender, age, vehicle type,
driver’s licensed state, number of vehicles involved, weather and road conditions). For
example, just over 27% of WV Cs reported by Montana Highway Patrol between 2011
and 2016 involved drivers with out-of-state driver licenses, and 62% of all reported
WV Cs in Montana were male drivers. This data adds additional information about
contributory factors that influence WVCs.

Not all agencies collect WVC data and those that do often use different methods
(e.g., data variables, collision location method, carcass collection) which result in
difficulties with data integration and interpretation (Huijser et al. 2007; Gunson et al.
2009; Gunson et al. 2010). The spatial accuracy of these collisions depends on whether
an agency uses a Global Positioning Systems (GPS) to identify WVC locations, or just
associates the location to the nearest geographical features (e.g., nearest creek crossing,
township, road intersection, mile-marker). A GPS coordinate is most accurate, and there
is more spatial error when WVCs are referenced to nearby landmarks than for data
referenced to the nearest mile-marker (Gunson et al. 2009). Spatial error and sample size
are important to consider for model output interpretation, which will impact the

appropriate scale on which to apply modeling results.
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Many researchers believe that WV Cs are substantially under-reported for a
number of reasons (Huijser et al. 2007; Huijser et al. 2008; Riley and Marcoux, 2006;
Snow et al. 2014; Stevens and Dennis, 2013). Some databases may exclude wildlife-
vehicle crashes that have less than $1,000 in property damage, not all drivers report
collisions with animals, nor do all transportation, law enforcement, or natural resource
agencies have the resources to collect detailed information on WVCs. Drivers who
collide with wild animals often do not think it is necessary to report the crash if there is
no property damage or injury, or may only report the collision to one agency. A research
survey in the state of Michigan estimated about 46% of people involved in deer-vehicle
collisions between 2001 and 2003 reported the incident to local police, while about 52%
reported it to their insurance company (Riley and Marcoux, 2006). If collision data is not
shared between its owners, it is possible to overlook safety issues due to under-reporting.
It is suggested that predictive models generate reliable estimates about WV Cs with large
ungulates unless under-reporting is severe (> 70%) (Snow et al. 2014). Under-reporting
should not impede research with existing databases for analyzing predictive models and
developing management strategies for reducing WVCs.

There are many limitations to WVC datasets but there are many trends that have
been discovered. It is estimated that between one and two million collisions between
vehicles and large mammals occur every year in the United States (Huijser et al. 2008),
with as high as 90% involving deer. But it is possible there is a greater biomass of smaller
animals that are roadkill; commonly un-noticed or reported when struck and killed by

vehicles (Forman et al. 2003).



Modeling Wildlife-Vehicle Collisions

Two main methods are often used to predict locations of high WV C rates. The
first method is focused on identifying non-random agglomeration (i.e., clustering) of
WV Cs through non-parametric techniques such as the Kernel Density Estimation (KDE)
and the Nearest Neighbor Index (NNI). This is used to estimate the probability density of
a random variable (Barthelmess, 2014, Bartonicka et al, 2018; Clevenger et al. 2002;
Clevenger et al. 2006; Creech et al. 2016; Dank and Porter, 2010). These analyses
suggest that WVCs are not random occurrences and are spatially clustered for different
vertebrate species.

The second method is focused on predictive models that anticipate the WVC
locations while controlling for landscape and infrastructure variables (Clevenger et al.
2006; Dank and Porter, 2010, Jensen et al. 2014). This method involves the usage of
many statistical models to identify variables related to WVC prevalence at the road
segment or areal level. A logistic regression model can be used to explain the relationship
between one dependent binary variable (e.g., whether a segment experienced WVC) and
one or more explanatory variables that are continuous and/or categorical (Barthelmess,
2014; Clevenger et al. 2002; Dank and Porter, 2010, Hothorn et al. 2012; Markolt et al.
2012) Poisson, negative binomial (NB), and zero-inflated NB regression models are used
to predict the average WVC counts in a fixed interval of time, or at a rate (Lao et al.
2010; Lao et al. 2011; Nelli et al. 2018; Stevens and Dennis, 2013; Visintin et al. 2016;

Visintin et al. 2017). The NB approach works particularly well for over-dispersed count
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outcomes (Found and Boyce, 2011; Lao et al. 2011), as is the case in WVC data where

there are numerous sections of roads that have very few, or no collisions.

Influential Predictors

Road Characteristics — Many roadway characteristics influence the likelihood of a

WVC. The scale of environmental impacts and mitigation needs varies dramatically
between road types and through different habitats (Kroll, 2015). In the United States,
almost 90% of all collisions with wildlife occur on two-lane roads, 98% are single-
vehicle crashes, and they are more likely in undeveloped and rural areas (Ha and Shilling,
2017; Hegland and Hamre, 2017; Hiujser et al. 2008; Lao et al. 2011). In Montana, nine
out of the top ten autumn WVC hotspots occur on two-lane highways (Creech et al.
2016). Collisions with wildlife are found to be linked with low road densities, i.e. total
road length per area (Found and Boyce, 2011; Ha and Shilling, 2017). Collisions are
found to decrease on raised sections of roads (Clevenger et al. 2002; Gunson et al. 2010).

The risk of a WVC generally decreases as the number of lanes increases (Lao et
al. 2011; Riley and Marcoux, 2006), but the total width of the road has been shown to
increase the risk of a collision with certain wildlife species (Barthelmess, 2014). Roads
with larger shoulders and medians have a higher risk of a collision (Barthelmess, 2014,
Lao et al. 2010; Lao et al. 2011). These two variables seem like contradictory predictors,
but highlight the complexity of analyzing WVCs and identifying variables that assess
risk.

Along with road geometry, the road’s functional class also exhibits significant

influence toward WV C frequency after controlling for traffic exposure (Clevenger et al.
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2002, Hegland and Hamre, 2017). Studies show that as vehicle speed and AADT
increase, it is more likely for a collision to occur (Found and Boyce, 2011; Gunson et al.
2010; Lao et al. 2010; Lao et al. 2011; Visintin et al. 2017). Higher speed often promotes
ineffective or delayed driver response. Higher traffic volume may increase the chance a
vehicle and animal cross at the same time but may also act as a barrier for crossing
opportunities. Collisions with wildlife are more likely on low volume roads (Huijser et al.
2008). It is hypothesized that as traffic volume increases and animals adapt to the road
network, a threshold is reached and creates a barrier for certain wildlife species (Gagnon
et al. 2006).

Landscape Characteristics — An animal may be struck at a specific location, but

the surrounding landscape dictates the likelihood an animal will be in the area, and if
drivers will have enough visibility to notice a potential hazard. Habitat related variables
have been found to have influence on WVC locations on spatial scales extending to up to
5 km (Danks and Porter, 2010), but more commonly analyzed with buffers extending to
1.25 km (Gunson et al. 2009; Hegland and Hamre, 2017; Leblond et al. 2011). This
shows the importance of including ecosystem variables that extend beyond the location of
where the crash occurred. Landscape complexity are important at larger scales (100 —
1000 m), whereas the ecosystem diversity of plant species and available animal cover are
more important at finer scales (10 — 100 m) (Hegland and Hamre, 2017). Animals tend to
pick an area to cross roads that has specific habitat features at the roadside and landscape

scale (Becker et al. 2011; Lewis et al. 2011).
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The state of Montana is home to many large mammal species that are capable of
causing substantial damage if involved in a collision. The location of these animals is
largely dictated by temporal movements and preferred habitat of the species. Seasonally
there is a rise in WVCs in the autumn when animals are migrating, mating, and avoiding
hunters (Creech et al. 2016; Huijser et al. 2008). Daily, there are spikes in collisions
throughout the day near dawn and dusk, when deer and other crepuscular animals are
more active (Dank and Porter, 2010; Markolt et al. 2012).

Studies that investigate collisions with specific species or groups suggest that
WV Cs tend to increase in areas with favorable habitat and cover for those individuals
(Barthelmess, 2014; Clevenger et al. 2002; Found and Boyce, 2011; Gunson et al. 2010;
Hegland and Hamre, 2017; Hurley et al. 2008; Kolowski and Nielsen, 2008; Lao et al.
2011). Furthermore, separating the collisions by species has the ability to increase the
predictive power of the model (Ha and Shilling, 2017; Visintin et al. 2016). More
specifically, collisions with deer were found to increase in areas where vegetation density
was higher (e.g., in large forested areas near the roadway) (Found and Boyce, 2011; Ha
and Shilling, 2017; Hothorn et al. 2012; Hegland and Hamre, 2017).

Collisions with wildlife are generally associated with diverse landscapes with
abundant edge habitat that provide transitional and riparian habitat (Dank and Porter,
2010; Found and Boyce, 2011). There is substantial evidence that distance to water is an
important predictor for identifying WVC trends, and as the distance increases, the risk is

reduced (Hurley et al. 2008).
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Methods for identifying species habitat can be explained by wildlife distribution
maps, GPS tracking of animal movements, or creating species distribution models (Ha
and Shilling, 2017; Visintin et al. 2016). These models estimate species range using a
combination of climate and landscape factors. Collision risk increases consistently with
higher likelihoods of species occurrence (Visintin et al. 2017). Animals also like to have
good visibility for their travel path. Collisions are less likely to occur when a road bisects
a steep slope in mountainous terrain or rolling hills (Gunson et al. 2010; Lao et al. 2010;
Lao et al. 2011). However, steep slopes may be located along specific road-types or near
certain habitats, which may increase collision risk by attracting some species to the
roadway. Areas with steep slopes likely have curvier roads. Reduced driver visibility

increases the likelihood of a WVC (Found and Boyce, 2011; Jensen et al. 2014).

Research Expansion

This thesis attempts to analyze risk on a larger scale using only free-sourced data.
It uses new applications of machine learning techniques that are more effective than
conventional methods. The additional step of risk mapping on the state network allows
for the building blocks to be established to creating on-board warning systems to increase

the driver’s situational awareness.



13

CHAPTER THREE

DATA DICTIONARY

This chapter summarizes all data layers used in this analysis. The location where
the variable was retrieve, the coordinate system, and the spatial scale are described. An

explanation of how each variable is used is included.

Wildlife-Vehicle Collision

Reported Wildlife-Vehicle Collisions

Source: Montana Department of Transportation

Description: Locations acquired from crash reports from Montana Highway
Patrol using issued GPS devices accurate within £ 3m. Acquired
six years, 2011-2016. Mapped using NAD 1983 State Plane
Montana FIPS 2500 on a Lambert Conformal Conical projection.

Use: As response variable in model building. The Montana Department
of Transportation has public records for all vehicle collisions
reported to Montana Highway Patrol for the years 2011-2016. The
collisions involving wild animals were selected for the analysis.
The total number of collisions were added in each analysis unit.
Variables related to individual WVC (e.g. age, gender, driver’s
license state, vehicle type, weather) are also modeled to try and

identify factors related to the severity of the collision.



Carcass Locations
Source:

Description:

Use:

14

Montana Department of Transportation

Locations mapped by collecting carcasses along Montana’s main
road network and associating the location to the nearest tenth-mile
marker. Acquired six years, 2011-2016. Mapped using NAD 1983
State Plane Montana FIPS 2500 on a Lambert Conformal Conical
projection.

As response variable in model building. The Montana Department
of Transportation has public records for all locations where
carcasses where collected along Montana on System Routes for the
years 2011-2016. Only the species that match the 12 large mammal
distributions are used. The total number of collisions were added in

each analysis unit. Data can also be divided by species.

Road Network Variables

Montana on Systems Routes

Source:

Description:

Use:

Montana Department of Transportation GIS Portal

Polyline data of Montana Department of Transportation on System
Routes. Mapped using GCS_WGS_1984.

Polylines used to create the Buffer analysis units because it is the
shortest length road file out of the three used. For this reason,

categorical variables (e.g. divided road, intersection, road network
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and surface type) can be used in the Buffer analysis, but not in the

Fishnet. Additional road characteristics (e.g. road width and speed)

are also used as predictor variables.

Montana Yearly Traffic Counts

Source:

Description:

Use:

Montana Department of Transportation GIS Portal

Polyline data of Montana Department of Transportation yearly
traffic counts for 2015. Mapped using GCS_WGS_1984.

The AADT is a predictor variable and is also used to calculate the
exposure factor for the models. Vehicle-miles traveled, or
exposure, was calculated by intersecting with analysis units, and

adding the road sections after multiplying length and AADT.

Montana Primary and Secondary Roads

Source:

Description:

Use:

TIGER/Line U.S. Census Bureau

Polyline data of Montana primary and secondary roads in 2015.
Mapped using NAD 1983 State Plane Montana FIPS 2500 on a
Lambert Conformal Conical projection.

The original file had 21 different road types. Common roads were
combine to use five variables: interstate, arterial, collector, local,
and rural. Each cell has the total length of each type of road within

its boundaries.

Bridges and Rest Areas

Source:

Montana Department of Transportation GIS Data Portal



Description:

Use:

Urban Boundaries

16
Acquired for 2010 census data with populations greater than 5,000.
Mapped using GCS_WGS_1984
The amount of features were summed for each unit, as well as the

distance to the nearest feature to test both types of predictors.

Source: Montana Department of Transportation GIS Data Portal

Description: Point data of the locations of bridges and rest areas in Montana
from 2016. Mapped using NAD83 Montana with a Lambert
Conformal Conical projection.

Use: Each analysis unit is identified as urban or rural area.

Landscape Variables
Montana Hydrography

Source: Montana State Library Geographic Information Clearinghouse

Description: The National Hydrography Dataset was originally developed at
1:100,000 but improved by local partners to create high-resolution
1:24,000 scale maps. Coordinate system GCS North American
1983.

Use: Each analysis unit measured the distance to the nearest yearlong

Topographic Maps

stream, river, or still water location. It is given a distance of zero if

it is contained within the unit.
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Source: U.S. Geological Survey National Geospatial Program

Description: These vector lines are 1/3 arc-second contour 1 X 1 degree. They
were created to support 1:24,000 scale, contour intervals are
assigned by 7.5 minute quadrangles. Mapped using GCS North
America 1983.

Use: There were 52 individual contour maps across the state of
Montana. These were merged together. The contour lines were
transformed into an elevation raster, and then a slope raster was
created using the raster to slope function. The average slope and
elevation within each analysis unit is used as the predictor.

Percent Tree Canopy

Source: U.S. Geological Survey National Geospatial Program

Description: Raster data using 30m cell resolution. Values range 0 — 100.
Coordinate system Albers Conical Equal Area.

Use: The area-weighted average for canopy cover was taken within each
analysis unit. Because this does not take into account the total area
of canopy within each unit, the percent of the area covered by
canopy in each analysis unit is also used as a predictor.

Land Use/Land Cover

Source: Montana State Library Geographic Information Clearinghouse



Description:

Use:
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The Montana Spatial Data Infrastructure Land Use/Land Cover
dataset developed at 1:100,000 scale, 30m cell size resolution.
Coordinate system NAD 1983 State Plane Montana FIPS 2500.
The Land Use data main category for each habitat type: barren,
disturbed, forest, grassland, riparian, and Shrubland. Agriculture
and pastures were removed from developed areas due to dramatic
differences. This gave a total of 8 habitats. The percentage of the
total area in each analysis unit is used to reduce effects of area
changes between each unit. In addition to these, a complexity
variable is made based on the landscape layout within each cell. A
high complexity cell has multiple landscape types that are divided
into smaller islands within the cell boundaries. A Diversity
variable was also made by taking a number 1 — 8 associated with

how many of the different habitats are within a single unit.

Large Mammal Distributions

Source:

Description:

Montana Fish, Wildlife & Parks GIS Data

Historical distribution converted to distribution based upon Public
Land Survey Section (PLSS) with edits from biologists
incorporated and reviewed. Montana Public Land Survey Lines
from 1:100,000 scale Bureau of Land Management (BLM) maps.
Coordinate System NAD 1983 UTM with Transverse Mercator

projection.
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All 12 large mammal species distributions were overlapped:
bighorn sheep (Ovis canadensis), bison (Bison bison), black bear
(Ursus americanus), cougar (Puma concolor), elk (Cervus
canadensis), gray wolf (Canis lupus), grizzly bear (Ursus arctos),
moose (Alces alces), mountain goat (Oreamnos americanus), mule
deer (Odocoileus hemionus), pronghorn (Antilocapra Americana),
and white-tailed deer (Odocoileus virginianus). The maximum
number of mammals in each analysis units is the predictor
variable. There is no data for Native American Reservations or

National Parks.
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CHAPTER FOUR

This chapter goes through the different methods used for this analysis
investigation. How the analysis units were built is described. Regularization is used for
variable selection. Negative binomial models are used for predictions. Random forests

are used for variable selection and statistical measurements.

ANALYSIS METHODS

Data-maps were created using ArcGIS Desktop 10.6 (ESRI, 2011). All of the
shapefile layers used in this study are accessible from the online archives of state and
federal agencies. An outline of the state of Montana was used to clip all data layers to
size. This reduces analysis units that do not have a full set of data. The map was created
in NAD 1983 State Plane Montana FIPS 2500 with a Lambert Conformal Conical
projection. Variables were tabulated by their averages, max value or counts within each
analysis unit. The percentage of area covered by a habitat type is used to standardize data
to avoid differences in sizes of analysis units. Distance-based variables, i.e., distance to
open water, were computed using the Euclidean (straight-line) distance of the analysis
unit to the nearest object in question, as used commonly in safety and ecological analysis
(Hothorn et al. 2012; Hurley et al. 2008; Kolowski and Nielsen, 2008; Stevens and
Dennis, 2013). The model analyses were computed in R-Studio 3.4.3 with appropriate
packages (RStudio, 2018). The models were calibrated using 80% of the original data

that was selected at random. The remaining 20% was used as a validation set.
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Building the Maps

Fishnet Analysis Units

This method of data extraction uses the random placement of analysis units to
incorporate the variability of land and road characteristics across the landscape. This
process removes bias from cell placement and preserves network connectivity and

landscape diversity.
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Figure 1. Bozeman, MT at a 1:102,000 scale. Black squares are the Fishnet analysis units
used to extract variables; purple lines, Montana on system routes; green lines, Montana
primary and secondary roads; red dots, reported WVCs.
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These units were created using the Fishnet tool in ArcGIS. A half-mile polygon-

grid was built across the entire state of Montana, starting in the southwest corner of the

state. The fishnet polygons that were selected as analysis units overlap the Montana on

system routes. Each analysis unit varies in the way they intersect the road network

because they do not bisect a road evenly. An example of the Fishnet analysis units can be

seen in Figure 1.

Measurement
WVC Location
WVC Location

Count
MPH
vehicles/day
Feet
Miles
Miles
Miles
Miles
Miles
Miles
Miles
Miles
Miles
Count
Miles
Count
Feet
Degree

Percent Cover

Area Percent

Area Percent

Area Percent
Area Percent
Area Percent
Area Percent
Area Percent
Area Percent
Area Percent
Area Percent
Area Percent

Count
Count

Variable
Reported
Carcass
Mammals
Speed
AADT
Road Width
Acrterial
Collector
Interstate
Local
Ramp
Rural
Total Road Length
Dist. to Water
Dist. To Bridge
# of Bridges
Dist. to Rest Area
# of Rest Areas
Elevation
Slope
Canopy
Canopy Area
Agriculture
Alpine
Barren
Developed
Disturbed
Forest
Grassland
Open Water
Riparian
Shrubland
Diversity
Complexity

Minimum
0
0
1
15
10
14

o
Soocococoo
=)
)

w

CDI—‘OOOOOOOOOOOOI—‘%OOOOO

Max
17
63
12
80

44924

102
1.9

1.71

1.76

3.44
2.1

2.03

3.44
8.8

32.33
6
108.67
2
10085
53
87

100

100
91
99

100

100

100

100

100
99

100
9

135

Table 1: Summary of data statistics for Fishnet units.

Median

0
0
4
70
726
28
0

O O o oo

0.46
1.73

28.5

3373

Nrorohoowoouwur ok

Mean
0.34
0.89
5.24
66.3
2213
314
0.09
0.11
0.02
0.08
0.01
0.16
0.46
0.67
3.22
0.08

30.66

0.001
3609

5.9

13.03
18.6
26.4
0.02

1.2
15.6
4.2
8.2
25.2
14
6.6
10.8

4.38
30.2

SD
0.98
2.75
2.62

11.05
3903.55
10.22
0.19

0.2
0.11
0.22
0.09
0.23
0.26
0.77
3.97
0.34

18.87
0.05
108.38
5.8
16.31
29.57
33.25
1.25
5.71
19.66
12.15
19.74
26.51
6.3
11.82
21.32
1.36
16.23
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There was a total of 40,108 analysis units. This was reduced to 36,466 units after
removing those that do not overlap any of the mammal distribution data. Out of the
36,466 Fishnet units, a total of 6,667 (18.3%) contain at least one reported WVC, and
8,870 (24.3%) contain at least one carcass. There are 2,142 (5.9%) of the analysis units

are in urban areas. A summary of the predictive variables can be seen in Table 1.

Buffer Analysis Units

This method to extract predictor variables starts with the Montana on system
routes. First it identifies all locations where two roads intersect. Collisions that happen
within 250ft are considered intersection-related crashes. For this reason, a 250ft buffer
was created around each location. If there are two intersections that overlap, they were

joined as one.
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Figure 2: Bozeman, MT at a 1:102,000 scale. Black squares are the Buffer analysis units

used to extract variables; purple lines, Montana on system routes; green lines, Montana
primary and secondary roads; red dots, carcass locations.

There are 906 (3.9%) of the Buffer analysis units that are identified as
intersections. The remaining roads were divided into segments approximately 0.6mi in
length, this left shorter segments with the remaining roads. A 0.25mi buffer was created
off each side of the road which made most areas approximately 0.5 square-mile. Analysis
units in multiple pieces or smaller than 5 acres were removed. This method for creating
analysis units centralizes the road and gives an even representation of the surrounding

landscape, but has more overlap where road densities are high.

WVC Location Reported 0 21 0 0.53 1.33



N
o1

WVC Location Carcass 0 99 0 1.37 3.87
Count Mammals 1 11 4 4.74 2.04
MPH Speed 15 80 70 64.14 13.97

vehicles/day AADT 10 44924 945 3049 5191.35
Feet Road Width 14 96 29 32 10.82
Count Lanes 1 6 2 2.12 0.49
Miles Arterial 0 2.7 0 0.34 0.37
Miles Collector 0 2.2 0 0.29 0.37
Miles Interstate 0 2.48 0 0.15 0.4
Miles Local 0 14.28 0 0.41 1.23
Miles Ramp 0 2.53 0 0.02 0.11
Miles Rural 0 5.94 0 0.26 0.46
Miles Total Road Length 0.004 15.03 1.03 1.46 1.33
Miles Dist. to Water 0 7.27 0.33 0.5 0.59
Miles Dist. To Bridge 0 31.99 1.48 3 3.9
Count # of Bridges 0 7 0 0.14 0.46
Miles Dist. to Rest Area 0 108.59 27.68 29.72 18.59
Count # of Rest Areas 0 2 0 0.003 0.07
Feet Elevation 1886 10187 3367 3605 1071.42
Degree Slope 0 53 3 5.2 5.56
Percent Cover Canopy 0 84 10 12.7 14.72
Area Percent Canopy Area 0 100 3 18.2 27.99
Area Percent Agriculture 0 98 10 25.74 31.25
Area Percent Alpine 0 93 0 0.02 1.25
Area Percent Barren 0 89 0 1.05 4.75
Area Percent Developed 0 100 8 20.16 25.33
Area Percent Disturbed 0 95 0 3.78 10.25
Area Percent Forest 0 95 0 7.25 17.58
Area Percent Grassland 0 96 15 23.52 23.6
Area Percent Open Water 0 96 0 1.32 4.87
Area Percent Riparian 0 89 2 6.25 9.91
Area Percent Shrubland 0 95 0 9.79 19.15
Count Diversity 1 9 5 5.04 1.6
Count Complexity 2 176 29 32.21 21.17

Table 2: Summary of data statistics for Buffer units.

Each collision location is associated with the road it is closest to, and does not
violate the independence assumption. An example of the Buffer units can be seen in
Figure 2. There are a total of 25,567 analysis units. This was reduced to 23,356 units after
the cells were removed that did not overlap any of the mammal data. Out of the 23,356
Buffer units, a total of 5,832 (25%) contain at least one reported WVC, and 7,244 (31%)

contain at least one carcass location. There are 2,643 (11.3%) of the Buffers are within
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urban areas. Gravel roads consist of 2,894 (12.4%) of the analysis units. There are 3,456
(14.8%) Buffer units that are built from roads that are divided. The road network
categorizes each road by type for each Buffer: 3,018 (12.9%) are National Highway
System (NHS) interstate, 5,793 (24.8%) NHS non-interstate, 4,952 (21.2%) primary
roads, 8,257 (35.4%) secondary roads, and 1,336 (5.7%) are urban roads. A summary of

other predictive variables can be seen in Table 2.

Models

Risk Exposure

An offset of exposure is used so that each analysis unit reflects the amount of
collision opportunities in each area. It is assumed collisions are directly related to the
amount of animals on or near the roadway, and the amount of drivers traveling in the
area. For this reason, a log-exposure factor of vehicle-miles-traveled over the six year
period estimates the amount of risk for a driver (Equation 1). The amount of risk
estimated in these models is the risk of WV Cs per million miles traveled. The AADT is
used as a predictor while it is also used in the exposure. A variable can appear in both the
exposure, which would control for any size effects, and in the crash risk function, which
can suggest a change in that variable will increase or decrease the crash risk while

holding exposure constant.

AADT*L*365%6
1,000,000

Exposure = (Equation 1)
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Reqularization

A least absolute shrinkage and selection operator (lasso) regularization, also
known as L1 regularization, was used to show which variables are most important. This
process adds a penalty to the different parameters of the model to reduce its freedom. It
adds a sum equal to the absolute value of the coefficients (Equation 2); where, i are the
parameters. Lasso selects some variables and reduces the others to zero. The lasso
regularization lambda value was set to 500 to allow enough model iterations so all the
variables shrink to zero. This will allow for the observation of variables that are most
important and used more often. This is generally used when there are a large number of
variables, because it does feature selection.

Errory, = Error + XN, |5 (Equation 2)

The regularization selects a subset of relevant features to reduce under- and overfitting a
model. It reveals the flexibility of the coefficient estimates and shows the behavior of the
estimator. This process cross-validates the results by using the validation datasets and
maps the area within the model selection process where there is not too much bias or
noise. Regularization also tracks the evolution of the coefficient estimates as it lambda
shrinks.

This operation was done using the gimnet package in R (Friedman et al. 2010).
The glmnet package uses a matrix of predictor variables and a vector of values for the
variables to predict. Using the model.matrix function in R, the data frame and model

were transformed into the format for the glmnet package.
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Over-dispersion

In the context of logistic regression, this tests the datasets to see if the variance of
the response Y; is greater than what a binomial model would predict. This happens to
datasets when the probability of a success varies from one analysis unit to the next or
independence is violated. One response does not affect another in this analysis, so over-
dispersion will be influenced by the large percentage of analysis units that have zero
collisions in them, and large difference in probability from one unit to the next. A quasi-
Poisson model adds an extra dispersion parameter to account for the extra variance in the
model. The results are greater than one and identify how many times greater, or smaller,
the variance is than the mean. The dispersion parameter is 4.7 for Fishnet-Roadkill, 4.14
for Buffer-Roadkill, 1.41 for Fishnet-Reported, and 1.33 for Buffer-Reported. This shows

the use of a NB regression model is more suited to handle these datasets.

Negative Binomial

A NB regression was used to estimate risk of WV Cs while controlling for the
aforementioned variables. The first analysis for each response-predictor combination
was run starting with all the variables. The warning message, “glm.fit: fitted rates
numerically 0 occurred,” means correlations were identified and the model was not
estimated over the whole dataset. Residuals were then plotted against the response and
each of the explanatory variables to look for any non-linear trends and heteroscedasticity.
Some of the variables were highly correlated so the variance inflation factor (VIF) scores
where checked for multicollinearity. A VIF estimates how coefficient estimates increase

due to collinearity. Variables were removed one at a time by largest VIF. Open water,
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ramp, road type, urban roads, total road length, alpine habitat, and barren habitat were
removed before the warning message did not appear.

A string of models were created by removing the variable of least significance (p-
value > 0.05). First, all the variables were used for each combination between response
and analysis units. Then the 15 most influential variables were used, resulting in eight
different models for comparison. Analysis computed with the glm function in the MASS
package (Venables and Ripley, 2002). The NB model is formulated as in Equation 3.

Y~Poisson(4), In(1) = In(Exposure) + o+ X1 1+ Xi B + €  (Equation 3)

A detailed comparison of the models was done using Akaike Information
Criterion (AIC), Pseudo R-squared (R?) values, and root mean-squared error (RMSE).
The AIC is calculated during model computation with the gim.nb function in the MASS
package. The AIC compares the quality of models nested within the full model and is
estimated based off the log-likelihood (Equation 4). Where L the maximum likelihood of
the model with predictors and K is the number of model parameters.

AIC = 2K —2(InL.) (Equation 4)
This is commonly used for model selection, but is not able to compare responses from
different datasets. Therefore, the AIC will also be divided by the number of observations
in the dataset to compare how each Y observation contributes to the overall likelihood.

Pseudo R measures are relative measure among similar models, and how they
improve compared to the mean-only model. The different R? values were calculated using
methods that adjust results based on number of parameters and control for dataset size

(Bruin, 2006). The nagelkerke function in the rcompanion package was used to calculate
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these values (Mangiafico, 2019). The first method for measuring variance is the
McFadden’s (MF) R? (Equation 5), where Ly is the maximum likelihood of the mean-only

model.

(InLc) .
RI%/[cFadden =1- (nLy) (Equation 5)

This approach uses the log of the sum of squares to compare the reduced model to the
intercept only model. Taking the log increases the magnitude to identify more likely
models, the results fall between 0 and 1. When comparing models on the same dataset,
the R? will be greater for the model with the greater likelihood. An adjusted R? value will
be calculated to penalize the models for the number of parameters used (Equation 6). If
the predictors used in the models are effective, the penalty of the adjusted R? will be

small.

(InLy)-K .
Rzzxdjusted =1- nLy) (Equation 6)

The Cox & Snell’s (CS) R? mirrors the previous MF method, but takes the
number of observations into account. Because the likelihood is a probability of a
dependent variable given the independent variables, the likelihood is a product of n
probabilities. Cox & Snell’s approach takes the nth root of the product of likelihood to
estimate the likelihood of each Y value (Equation 7). Where n is the number of
observations in the dataset. The results do not range from zero to one, so it is adjusted by
the Nagelkerke, Cragg & Uhler’s (NCU) approach. This divides the CS R? by its
maximum possible value to scale the results between zero and one (Equation 8). This was
done to produce a generalized R? that can be compared between regression models. It is

not theoretically foolproof and results can be misleading. It is added to the analysis to
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examine all possible results on how to compare models from different, but similar,

datasets.

2
(InLp)\n .
R(ZioxSnell =1- ((ln Lc)) (Equation 7)

2

()"

1-(In Ln)%
The AIC measures the overall goodness-of-fit, whereas pseudo R? measures how

much variation is explained by the model. The RMSE measures the accuracy, or

predictive power, of the model (Equation 9). Where, Yi represents the crash collisions

predicted from the validation datasets; and Y; is observed crash counts in analysis unit i.

RMSE = /%_Y‘)z (Equation 9)

These machine learning algorithms are used to recognize patterns in complex

Random Decision Forest

models with lots of predictors. Random forests (RF) build multiple tree models using a
random selection of variables at each branch. The amount of variables selected at each
branch is important because it affects the depth of the trees. At each branch the tree
decides which variable is the best predictor. Then an additional random selection is
chosen to branch off that node, removing the unused variables from the prediction path
completely. This process is repeated until there are no additional variables to test.

Each tree uses an out-of-bag sample of data to better understand the variance of
predictors. This makes non-correlated models that are averaged together to produce

predictions not specific to one dataset, and does a better job at reflecting the whole
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population. The weak individual models together form stronger predictors. The more
trees that are built, the more accurate the results will be. Eventually there is a limit to the
number of models built; where accuracy does not increase by any significant amount. The
goal is to choose the right number of branches to reduce the residual sum of squares the
most, and provide the best predictions.

The RF in this analysis examine similar variables to the previous explained NB
models. Each combination of response and analysis units are tested with all the non-
correlated variables and the 15 most influential variables chosen from regularization.
Although RF are a feature selection process in itself, a smaller subset of variables is
tested to see how much increase in variance explained is accomplished with the
additional variables. Different amounts of variables were tested at each branch to find the
size of tree that works best for each model combination.

Using an out-of-bag sample of data allows for each tree to have a validation set of
data and measures accuracy and predictive power using mean-squared error (MSE) and
pseudo R2. The MSE is normalized by the standard deviation of the differences in
predicted and actual responses, measured as the sum of squared residuals divided by the
number of observations. The R? value is calculated using the variance of the response

(Equation 10); where Var(y) is the variance in the response variable.

MSE
Var(y)

R3r=1 (Equation 10)
Random forests identify variables of importance by the calculating the percent

increase in mean-square error (%IncMSE), which is a measure for how much greater the

MSE is when that a variable is not included in a tree. It measures the mean decrease in
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accuracy and returns %IncMSE for each variable (Equation 11), where MSE; is the

permutated value MSE for the jth column, and MSE, is the MSE of the mean-only model.

MSE j—MSE,

%IncMSE; = 5E
0

* 100 (Equation 11)

This indicates how much better or worse the model does when the variables are used as a
predictor — the higher the number, the more important they are. Variables were removed
from a model if they returned negative values for %IncMSE. This means on average, the
models performed better when that variable is not included in a model. This is the most

important measure for estimating accuracy of variable selection in RF.

Mapping Risk

After the best performing analysis combination is chosen, the methods will be
applied to the seasonal distribution of collision responses to identify differences among
them. Each season is identified as starting the first day of the month that contains an
equinox or solstice. Predictions of risk will be made using the full set of original data and
the coefficient estimates for the five NB models. The exponent of the log-regression
results were taken to express the risk factor of WVC per million miles traveled. These
results are spatially joined with the Montana on system routes and color-coded to visually

show the differences between regions.
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CHAPTER FIVE

ANALYSIS RESULTS

This chapter goes through the results for regularization, negative binomials, and

random forests.

Regularization

The computations did not reach 500 because all the variables had been removed
before reaching the end. A summary of the top 15 variables used for each analysis
combination can be seen in Table 3. The variables are expressed as the percentage of

models they are in relative to the total amount for that analysis.

name

(Intercept) — Interstate

AADT — Lanes
Agriculture — Local
Arerial — Mammals
Barren — NHSInterstate 1
BridgeDist — NHSMonlnterstate1
I= Bridges Primary1
é Canopy RestDist
z 0 e —————— . = CanopyPer Riparian
“; J — Collsctor Roadwidth
i 7 —— Complexity Rural
g Ff#’ / — Developed Secondary1
— Disturbed Shrubland
— Diversity Slope
— Divided1 Speed
- — Elevation Surface1
— Forest Urban1
— Grassland UrbanAreat
— Intersection ‘WaterDist
! ! | !
0.001 0.010 0.100 1.000

L1 regularisation

Figure 3: Evolution of coefficient values as 374 iterations move through lambda in the
Buffer-Carcass data.
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These are the variables selected for the model starts for each analysis combination. An
example of the evolution of coefficients as regularization runs through lambda operations

can be seen in Figure 3.

Model, # of iterations

Variable FC, 314 (%) FR, 314 (%) BC, 374 (%) BR, 321 (%)

Mammals 99.7 87.6 99.7 96.9 4
AADT 96.5 99.7 79.7 91.3 4
Road Width 87.9 88.2 86.4 99.7 4
Developed Habitat 86 73.2 2
Speed 84.1 82.2 84.2 88.5 4
Diversity 84.1 79.6 89.6 91 4
Riparian 79.9 64.6 86.1 82.6 4
Water Dist. 79.6 68.2 82.4 75.7 4
Interstate 7.7 79.3 98.1 3
Urban Area 76.1 61.5 74.6 3
Rural 70.7 66.2 96.8 97.8 4
Shrubland 69.7 78.9 72.6 3
Arterial 69.1 66.6 76.7 73.8 4
Bridges 68.8 1
Slope 60.8 67.9 2
Complexity 70.4 1
Local 65.6 1
Elevation 58.3 1
Secondary Road 94.7 1
NHS Non-Interstate 84 79.1 2
Canopy 72.5 83.8 2
NHS Interstate 94.1 1
Intersection 67.6 1

Table 3: Lasso Regularization’s top 15 most used variables in each model showing the
percentage of times the variables are used in each analysis combination. The importance
of these variable outlasted the regularization penalty and therefore stayed in the models
longer. FC = Fishnet-Carcass. FR = Fishnet-Reported. BC = Buffer-Carcass. BR =
Buffer-Reported.

When lambda is small it is essentially the least squares estimate. This can be seen
on the left side of the graphs in Figures 3 and 4. As lambda increases and variables are
removed, the MSE increases as the models are simplified. The number of variables
included in each model iteration is along the top of Figure 4. Between the vertical dashed

lines is the area where there is less bias and noise. This shows there is a suite of models

with different variables created with the dataset that produce similar and accurate results.
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Removing Variables
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Figure 4: Shows the evolution of the test error (MSE) as predictive variables penalized
and forced to absolute zero where they are removed from the Buffer-Roadkill analysis.

Negative Binomial

Model Comparisons

Many factors went into identifying differences between the four model groups
and reduced models within them. Accuracy and variance measurements were taken to
identify differences in nested models, as well as the influence of each individual
observation on the whole dataset. A summary of the statistical measurements can be seen
in Table 4. The RMSE ranged from 2.02 to 2.91, the lowest being the BR12 and the
largest being FR22. Whereas the carcass locations produce models with lower RMSE, the
reported collision response models produce higher R? values and explained variance. The

smallest McFadden R? is 0.1373 in the FC13 model, and the largest is in BR28 with
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0.228. The adjusted R? from the parameters barely changes, 0.1368 to 0.2266, and
indicates the parameters added to the models are influential and contribute to the
predictive power of WVC risk.

The R? values are further calculated to reflect the estimates of likelihood for each
Y value. The smallest CS R? value is 0.248 in the FR11 model. This is a 122% increase
from the MF R? value. The largest CS R? is 0.353 in the BR26 model with a 215%
increase from MF. The maximum and minimum likelihood vary for the four
combinations of analyses so the NCU R? adjusts for these differences in scales. The
minimum value is 0.286 in the FC13 model, which is a 208% increase from the
McFadden R?. The largest NCU R? is 0.408 in the BR28 model which is a 179% increase

from the McFadden R2.

Fishnet Carcass, 20 2.311 0.145 0.1443 0.2629  0.2994 52505 1.8
Fishnet Carcass, 13 2.228 0.1373 0.1368 = 0.2508  0.2856 52967 1.82
Fishnet Reported, 22 2.905 0.2087 0.2076  0.2551 0.3374 32627 1.12
Fishnet Reported, 11 2.87 0.2021 0.2015 = 0.2482  0.3282 32876 1.13
Buffer Carcass, 31 2.563 0.1639 0.1626  0.3538  0.3802 41680 2.23
Buffer Carcass, 12 2.021 0.1472 0.1467 @ 0.3243  0.3486 42473 2.27
Buffer Reported, 28 2.828 0.2283 0.2266  0.3439  0.4083 26675 1.43
Buffer Reported, 12 2.473 0.2194 0.2186 0.333  0.3954 26951 1.44

Table 4: Results for NB models statistical measures.

There are some noticeable patterns in the statistical measurements seen in Table
4. The carcass response produces smaller RMSE, and therefore more accurate models
within each type of analysis unit with respect to reported collisions. There is also a
greater change in RMSE within the Buffer analysis unit when the two models with each
response. This may indicate that more accurate models can be built with fewer predictor

variables. The reported collisions have larger MF R? values within each analysis type,
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which generally explains how variables in the model predict the response. When CS R?
controls for the number of observations, the differences between the maximum and
minimum value decreases dramatically and fewer differences can be seen within the two
analysis types. The R? values for the carcass responses increased more dramatically,
giving them a higher average than reported collisions. But when NCU adjusts them to put
them on a 0 — 1 scale, the reported collisions again produce a higher average R? in each

analysis type.

The Chosen One

The Buffer-Carcass combination is chosen to produce the best performing
models. Furthermore, the NB model that started with the 15 most influential variables is
the most accurate. Comparisons between models can be difficult due to the differences in
response variables and the number of observations. Ultimately the best model is chosen
based on the highest accuracy, i.e. the lowest RMSE. The RMSE is 2.02, which is lower
than any of the other models built.

It ended up using 12 variables after removing those with p-values larger than
0.05. A summary of the model coefficient estimates can be seen in Table 5. The model
has an AIC score of 42093 and the Pseudo R? value indicate 15.5 percent of the variation
can be explained by this model.

Each variable used in the model is examined to show their estimated influence by
taking the exponent of the estimated coefficients to show the multiplicative factor related

to risk. The type or road the buffer is built from has predictive power for identifying risk
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of WVCs. The estimated change in WVC risk is 1.48 times more likely when the road is

categorized as secondary road (p-value < 0.0001, 95% CI: 1.32 to 1.65).

(Intercept) -10.89376
Mammals 0.31286
AADT -0.00007
Speed 0.02649
Urban Area -0.84695
Secondary Road 0.39060
Avrterial 0.64969
Rural 0.13428
Water Dist. -0.12937
Slope -0.02132
Shrubland -0.00895
Riparian 0.01669
Habitat Diversity 0.11342

0.14675
0.00914
0.000004
0.00164
0.07808
0.05315
0.05527
0.02954
0.02572
0.00298
0.00098
0.00145
0.01219

Table 5: Coefficient estimates for BC12 model.

-74.23

34.23

-16.31

16.18

-10.85

7.35
11.75
4.55
-5.03
-7.15
-9.16
11.52
9.30

0
< 0.0001
< 0.0001
< 0.0001
< 0.0001
< 0.0001
< 0.0001
< 0.0001
< 0.0001
< 0.0001
< 0.0001
< 0.0001
< 0.0001

The estimated change in risk is 1.91 times more likely if there is a one mile

increase of arterial roads within an analysis unit (p-value < 0.0001, 95% CI: 0.16 to 0.28).

With a one mile increase in rural roads in the analysis unit the estimated change in risk is

estimated to be 1.14 times more likely (p-value < 0.0001, 95% CI: 1.08 to 1.21). In

addition to this, the estimated change in risk is 0.43 times less likely if the analysis unit is

categorized within an urban area (p-value < 0.0001, 95% CI: 0.37 to 0.5). The estimated

change in risk of a WVC is 0.99993 times less likely with every 1 vehicle increase in

AADT (p-value < 0.0001, 95% CI: 0.99992 to 0.99994). There is evidence that the speed

at which vehicles travel has predictive power for collision risk (p-value < 0.0001). The

estimated change in WVC risk is 1.027 times more likely with every 1 mile per hour

increase in speed (95% CI: 1.024 to 1.03).

The landscape variables are important for both identifying the risk of WVCs and

influence animal location and behavior. There is strong evidence the number of large
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mammals in an area has predictive power for identifying the risk of a WVC (p-value <
0.0001). The estimated change in the risk is 1.37 times more likely with a one mammal
increase in an area (95% CI: 1.34 to 1.39). The estimated change in risk is 1.02 times
more likely with a 1% increase in riparian area in an analysis unit (p-value < 0.0001, 95%
Cl: 1.013 to 1.02). There is strong evidence the amount of shrubland in an analysis unit
has strong predictive power on risk (p-value < 0.0001). The estimated change in risk is
0.991 times less likely with a 1% increase in shrubland area (95% CI: 0.989 to 0.993).
The estimated change in risk of WVC is 1.12 times more likely with a one unit increase
in habitat diversity (p-value < 0.0001, 95% CI: 1.09 to 1.15). If the average slope in an
area increases by 1 degree, the estimated risk of a collision is 0.978 times less likely (p-
value = 0.001, 95% CI: 0.972 to 0.985). There is strong evidence distance to water has
predictive power for identifying the risk of WVC (p-value < 0.0001). The estimated
change in risk is 0.88 times less likely if the distance to water increases by 1 mile (95%

Cl: 0.831t00.93).

Variables of Importance

Predictors should be consistent if they are going to be relevant for modeling
WV Cs. They generally work the same way and in the same direction regardless of the
analysis method. Variables that follow this pattern will have more weight in regards to its
predictive power. It is possible for a variable to have opposite influence during different
parts of the year, i.e. animals using tree cover in the summer and not in the winter. A
summary of each variable influence, positive or negative, between all the models can be

seen in Table 6.
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Models — Variable Influence on Response

FC13 FR22 FR11 BC31 BC12 BR28

Intercept - - - - - - - - 8
Intersection NA NA NA NA + + 2
Paved Surface NA NA NA NA + + 2
Lanes NA NA NA NA - 1
Divided Road NA NA NA NA - - 2
NHS Interstate NA NA NA NA + + 2
NHS Non-Interstate NA NA NA NA + + - 3*
Primary Road NA NA NA NA + + 2
Secondary Road NA NA NA NA + + + 3
Urban Area - - - - + 5*
Mammals + + + + + + + + 8
Speed + + + + + + + + 8
AADT - - - - - - - - 8
Road Width + - + + + 5
Arterial + + + + + + + 7
Collector + + + 3
Interstate + + - - - 5*
Local + + - 3*
Rural + + + + + + + + 8
Water Dist. - - - - - - - - 8
Bridge Dist. - - - 4
Bridges 4 - 4 - 4*
Rest Dist. - 1
Elevation + - - + - 5*
Slope - - - - - 5
Canopy + + + + + 5
Canopy % + + 2
Agriculture i i i 3
Developed + + + + 4
Disturbed 1 1 - 3*
Forest - - - 3
Grassland 1 1 + 3
Riparian + + + + + + + + 8
Shrubland 1 5*
Diversity + + + + + + + + 8
Complexity - 1

Table 6: Comparison of NB models’ variable influence on the risk of WVC. The total
number of models the variable is in are added together, 8 is the largest a total can be
except for the 7 categorical variables that are only in the Buffer analysis units, they can
total 4.

* The variables in the models express both positive and negative influence.

The total number of times each variable was used in the eight models is along the
far right column. Mammals, speed, AADT, rural roads, distance to water, riparian area,

and habitat diversity were used in all eight models and have the same directional
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influence in all of them. Mammals, speed, rural roads, riparian area, and habitat diversity
all have a positive influence on increased risk of WVCs. Distance to water and AADT
have a negative influence on risk, meaning as the input into the model increase, risk of

WV Cs will be reduced.

Random Decision Forests

After testing several approaches, the default amount of variable selection at each
branch, p/3, is the best approach for RF model accuracy; where p is the number of
predictors in each model tested. Random forest analyses were run to build 500 trees per
model. Building extra trees insure the most accurate model is produced. The evolution of
the RMSE decreases as trees are added to the computation (Figure 5). There are small
differences between the full model and the reduced model in each analysis combination.
The amount of reduction in R?, and increase in RMSE is minimal compared to the
amount of predictors added to the model, creating extra noise.

There are stark differences in the RMSE between the two analysis types. A
summary of the statistical measurements can be seen in Table 7. The reported collisions
have a RMSE of 0.77 in the Fishnet units, and 0.98 in the Buffer units. This is compared
to the carcass locations that have a RMSE of 2.02 in the Fishnet units, and 2.62 in the
Buffers. This may be affected by the differences in the spread of the responses, or the
differences in the number of observations in each dataset. There is no distinct pattern
between the R? results for the RF analysis. The Fishnet-Carcass and Buffer-Reported are

similar in their results. The lowest is the Fishnet-Reported with a R? of 0.367, and the
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largest is 0.558 in the Buffer-Carcass model. The amount of variance explained with the

variables in RF influenced the results of the best NB model selection.

Evolution of RMSE

RMSE

28

26
|

o

100 200 300 400 500

Tree

Figure 5: The evolution of the RMSE measurement from the BC15 model as trees are
added to the forest.

Model, # of Variables ~ RMSE R%rr

Fishnet Carcass, 27 2.02 0.4631
Fishnet Carcass, 14 2.09 0.4241
Fishnet Reported, 25 0.77 0.3899
Fishnet Reported, 15 0.77 0.3677
Buffer Carcass, 31 2.61 0.5607
Buffer Carcass, 15 2.68 0.5356
Buffer Reported, 30 0.989 0.4574
Buffer Reported, 15 0.995 0.4507

Table 7: Statistical measurements for RF models.

A summary of the variables of importance for each model can be seen in Table 8.
The weighted average of the results is summarized in the right column. Intersections,
bridges, and interstate roads are the only three variables that showed negative influence

during the first computations, and where removed from three of the models; increasing
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the R? and decreasing the RMSE values slightly. The 10 variables that show the greatest
overall %IncMSE across all the models are AADT, mammals, slope, speed, arterial
roads, road width, elevation, canopy, distance to water, and shrubland area. Because RF
do not create coefficient estimates to build prediction models, the RF results are further
used to assist in the model selection process for risk mapping.

Models - % Increase in MSE

\Variable FC27 FC14 FR25 FR15 BC31 BC15 BR31 BR15
Intersection NA NA NA NA 1.02 4.25 5.44
Paved Surface NA NA NA NA 14.16 9.79
Divided Road NA NA NA NA 5.71 5.5
Lanes NA NA NA NA 5.37 8.44
NHS Interstate NA NA NA NA 6.08 6.08 7.05
NHS Non-Interstate NA NA NA NA 12.41 18.08 11.3 17.09
Primary NA NA NA NA 15.68 7.14
Secondary NA NA NA NA 4.83 13.1 9.05
Urban Area 11.42 14.97 4.83 14.79 17.75 6.53
Mammals 41.11 52.63 34.44 19.38 39.09 48 29.35 36.53
Speed 30.57 31.19 29.83 15.58 23.65 28.04 21.44 26.84
AADT 31.69 37.31 38.72 23.33 37.95 48.92 43.45 55.35
Road Width 19.19 21.98 16.81 16.02 26.12 32.99 23.47 27.86
Arterial 17.23 21.98 18.49 8.6 33.26 39.11 23.68 29.55
Collector 20.11 11.83 14.86 18.09
Interstate 2.53 4.7 9.45 8.72 14.27
Local 16.18 14.65 13.62 14.94
Rural 22.97 32 24.67 12.72 5.99 7.7 9.92 9.93
Water Dist. 20.69 21.28 20.24 12.38 16.26 20.3 20.73 33.96
Bridge Dist. 20.39 19.98 15.32 16.58
Bridges 0.83 2.48
Rest Dist. 32.76 26.64 28.97 11.43
Elevation 45.16 34.93 23.61 40.8 28.45
Slope 27.74 42.39 33.35 25.5 36.41 27.49
Canopy 26.4 29.56 23.91 30.05 27.75 29.37
Canopy % 20.56 25.64 18.87 20.83
Agriculture 23.02 21.43 21.7 28.6
Developed 20.5 23.52 17.85 9.63 17.62 18.09
Disturbed 16.12 14.68 12.62 10.53
Forest 17.13 18.94 14.23 14.72
Grassland 22.27 24.62 22.62 24.12
Riparian 18.54 25.28 14.72 10.8 17.87 16.07 14.17 19.08
Shrubland 19.38 23.09 23.17 20.97 28.26 22.47 29.04
Diversity 16.43 17.52 13.57 10.71 21.34 21.85 17.51 26.65
Complexity 16.04 22.44 17.06 21.31

Table 8: The %IncMSE for each variable kept in the 8 models tested.
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Summary

This section takes a deeper look at the model outputs to examine how the analysis
units, response variables, and predictors performed. It also makes suggestions on how a

variable can be altered to possibly increase the model’s performance.

Discussion

Analysis Units — Given the experimental design, there are many ways data can be
manipulated and extracted for analysis. There are obvious differences between dataset
that have associated strengths and weaknesses in this design of state-wide WVC risk
mapping. One of the main differences between the two datasets is the differences in the
sample size of each one. There are 13,110 more analysis units in the Fishnet analysis then
there are in the Buffer units. The areas of the Fishnet units are much more similar in size
compared to the Buffers. The buffer units however follow a much more symmetrical
process, and build in each direction evenly. If the intersections are removed from the
Buffer analysis creation and the overlapping layer are removed, the amount of analysis
units will be reduced drastically. The length of the buffers may be able to be increased to
a distance up to a mile to further reduce the number of analysis units.

Response Variables — The differences in collection methods create trends in the

statistical measurements. Roadkill locations produced NB models with lower RMSE
(2.02 — 2.56) on average, compared to reported collisions (2.47 — 2.91). These results are
reversed for the RF models, where the RMSE is 0.77 — 0.99 for reported collisions, and

2.02 — 2.68 for roadkill. The results are similar for both models with the roadkill
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response. This is likely due to the larger number of non-zero analysis units in the roadkill
data. There are 19,740 more roadkill locations compared to reported collisions, almost
three times as much. The RF models are magnifying the amount of zero values.

Although there are far less reported collisions, the use of GPS to mark locations
provides a better understanding of the finite distribution of WVC locations. The predictor
variables do a better job at explaining the variance in the reported collisions and the
models produce larger R? values (0.202 — 0.228), relative to roadkill (0.137 — 0.164).
However, the R? values increase more dramatically in the RF models; 0.368 — 0.457 for
reported and 0.424 — 0.561 for roadkill. This may be due to the stacking of collisions
when WVC locations are reported to a nearby feature. The roadkill are plotted to the
nearest tenth-mile marker and creates stacks of collisions at a specific point. This causes
there to be a much larger variance with the roadkill data because all the collisions are put
into one location when they actually happened over a quarter-mile, or more, section of
road.

Picking up roadkill along the road insures a majority of animal fatalities are
recorded, but this method is limited by designated pick-up routes. There are clear areas
on Montana’s road network that do not have roadkill locations, but there are reported
collisions along these sections. This identifies routes where roadkill are not likely
collected. Assuming every person who is involved in a WVC reports it at the same rate,
there are far more collisions associated with the more mountainous western part of the

state. There are obvious habitat differences and wildlife distributions between the two
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sides of the state. The more open landscape may also provide more visibility for drivers
and allow them to reduce their speed before they reach a hazard.

Landscape Variables — Both types of analysis units are able to capture similar

trends in WV/Cs. Species distribution data can be useful to identify where animals are
likely to be located. Although most WV Cs are with deer, the total number of large
mammals in an area has predictive power for analyzing risk of WV Cs. The diversity of
species in an area may influence animal movements and behaviors, but the density of a
species may be a better indicator. Population estimates can be associated with sections of
roads to further explore the effects of species distributions on WVC locations.

Animals frequently hit by vehicles prefer mixed habitats with multiple plant
species and cover types. The farther water habitat is from a road, the less likely a WVC
will occur on that section. This is no surprise that mammals frequent areas where there is
water which is vital for survival. Animals often use water drainages for a means of travel,
and can be forced onto roads where there is not sufficient space under the road to cross
with the water flow. Riparian habitat consists of the transition zone between wet and dry
ecosystems and provides travel paths during low water levels, and abundant plant
diversity for animal nourishment and hiding places. This influence that water has across
ecosystems allows my model to predict WV C risk across the entire state of Montana.

The amount of canopy, defined as the average density of overhead cover in an
analysis unit, is found to correlate positively with greater WVC risk. On the contrary, as
the total percentage of forested area increases in an analysis unit, the chance of collisions

is decreased. For there to be a high number of canopy density, there does not necessarily
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have to have a large percentage of forest in the area. There can be a small patch of trees
in the unit that has 100% canopy density, but the amount of forest in the analysis unit can
only be 10%. This is further proof how animals associated with WV Cs prefer access to
cover, but are not necessarily associated with forested habitats. Along with forests,
shrubland habitat also shows decreased collision risk. A large portion of shrubland
consists of sagebrush. This plant is not palatable for most of the year, and deer may avoid
it for a greater portion of time to seek out more flavorful species.

Deer, which are a common victim in a WVCs, enjoy open spaces where they can
see predators lurking, but also require access to cover if predators are sighted. There is an
abundance of collisions that occurred at low angled slopes. The slope variable is in five
of the eight yearlong data models, and in the winter and spring seasonal models. They
express a decrease in risk as the average slope in an area increases. Although some
animals seek out steep slopes for the protection from predators, most animals avoid them
because of the difficulty in travel. Steep cliffs along the roadway may decrease the
visibility of the driver, especially if there are a high amount of curves, but this will also
force people to drive slower and therefore will require less time to stop if there is an
animal on the road.

Road Network Variables — It is hard to quantify if a driver attempts to avoid a

WV C or if the collision was unavoidable without physical evidence. Just as landscape
variables influence animal behavior and movements, road characteristics also have
impacts on how drivers can react to hazards on the road. The speed limit of a road

increases the risk of WV Cs. Although more collisions commonly happen on roads with
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speed limits around 55 mph (Huijser et al. 2008). The relationship to speed and WVC
may be misleading because higher numbers of collisions may be a result of more
abundant wildlife populations. However, higher speeds increase the distance a vehicle
travels while the driver assesses a hazard and the total distance required to stop after all
adva. This model process also captures how an increase in AADT decreases the risk of
WV Cs. Increased traffic volumes may make it harder for animals to cross the road, or the
roadway may act as a deterrent itself. Animals may avoid those areas if they learn an area
is too challenging to cross.

Categorizing the roads by functional class is associated with different levels of
risk. It is interesting that the different road types in the models using the yearlong data
predicts increases in WVCs in all but one model (BR12). But in the seasonal division of
data, NHS non-interstate roads show a decrease in risk for every season, while secondary
roads show increases in risk. National highway roads commonly have higher traffic
volumes, and this can reflect how WVCs are common on rural areas that mostly involve
single vehicle crashes. For variables that have both positive and negative influence on the
risk of WVCs depending on the model most likely do not have much predictive power.
This means other variables used in the models will determines how others will contribute
to the predicted risk. The type of road does not matter because the landscape changes
around it more frequently than the categorization of the road. Most likely new roads are
added to datasets while others are not updated to reflect changes in traffic characteristics,

population changes, and uses.
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Urban roads were removed from the models due to collinearity with urban areas.
If a road is located within an urban area, the risk of a WV C decreases. This is likely due
to the large amounts of developed area and lack of suitable habitat for wildlife. Areas
with high road densities can be associated with higher amounts of light and sound
pollution. This is also seen in the differences in road density to predict risk of WVCs. The
more roads within an analysis unit, the higher the road density will be. Arterial and rural
roads have the highest influence on predicting risk. As the lengthe of centerline miles
increases for each analysis unit, the risk of WVCs increases. Many arterial roads in
Montana travel through rural areas that overlap with wildlife habitat. This may encourage
more animals to cross compared to interstates because the lower volumes and short
distance over the roadway. Interstate and local roads were also in the models, but they
expressed both positive and negative influence depending on the analysis unit and
response variable.

Model Accuracy — There is evidence that WV C predictive models can be built on

a large geographic scale using a selection of landscape and road network variables.
Although the R? value is lower (0.147) in the NB models, the RF estimates that over 53%
of the variation can be explained with the same set of variables. Although this only
explains half of the real world scenario, it is common in research that models human
behavior, commonly have R? values under 0.5 because people are harder to predict than
physical measurements. This phenomenon may be enhanced if the unpredictable behavior
of wildlife are added into the equation. Just because a model has a low R? value does not

mean the predictor variables used are not significant. Two models can create R? values on
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opposite sides of the spectrum, but still express the same central tendency on the
response. The low R? in these models is reflected around the large amount of variation in

the response and the high number of zero values.

Improvements

Prediction Models — These models were created using the standard variable and

did not take into account any transformations or quadratic functions that may be
associated with the relationship between two variables. It was more important to establish
a fundamental guideline for building the model and measuring accuracy before other
methods are added.

A model that predicts WVC correctly 100% of the time will never be achieved.
There is abundant research supporting influential landscape and road factors that help
predict risk of a collision, but current model methods track collisions-over-time and relate
them to variables in a single time stamp. There is a lot of variation in the landscape and
transportation network. It is important to keep all the data files up to date, and examine
how the models improve with more detailed or updated information. Response variables
should be correlated to data layers that best represent the associated collision factors at
the time of the incident to produce the most realistic models.

The collection of carcasses should involve GPS locations and more detailed
information about the surrounding habitat. This will allow comparisons to be made of the
differences between crash dates and landscape variables used. A standard form used to
collects domestic animal- and WVC information will streamline the process and allow for

multiple agencies access to update and use the information for personal projects.
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An area that shows potential for increasing the accuracy of the models is synthetic
minority over-sampling technique (SMOTE). This process under-samples the normal
response (WVCs = 0) and over-samples the unique response (WVCs > 0) to achieve
better classifier performance. It does this by creating new synthetic data by taking values
for variables using a random ratio between two existing variables. This approach uses a
technique of over-sampling that assumes if there were more analysis units with collisions,
they would continue to follow the patterns in the original dataset. Running a random
sample on the Buffer-Carcass produced similar R? values to the original data in NB
models, but reduced the RMSE by about 0.34. The RF of the SMOTE data increased the
R? by 0.142, to a total of 0.678. Further analysis is required to fully understand the

restrictions and interpretation of the results.

Variables — In these analyses the AIC scores are smaller in the more complex
models and regularization did not show areas of overfitting, therefore it is possible to
incorporate more variables. Rather than using the road lengths for different functional
classes, these should be divided by area of the analysis unit to standardize road density.
Artificial lighting can increase a driver’s visibility and may have influence on the
movements of wildlife.

The incorporation of additional research and WVC mitigation efforts can add
important information related to the risk of a collision. Wildlife crossings and exclusion
fencing can be an additional factor that will dramatically decrease the risk of a WVC
while driving through a mitigated area. The risk of a collision is significantly lower when

traveling on roads where wildlife are restricted to access the roadway. If drivers know
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when the fencing is going to end, the model will identify it and start to adjust risk as
needed. The patterns of animal movement are relatively consistent year to year, as adults
often teach their offspring migration routes. There is increase risk in WVCs on these
sections of roads during migration season. Although some biologist may be reluctant to
hand over years of migration data, to add it to the model only the species, location,
direction, and date of the road crossing is required.

There are lots of collision locations that were removed because they were in a
National Park or Native American Reservation. If mammal distributions can be acquired
for these areas, a better assessment of the collision distribution can be made. In addition
to this, it may be beneficial to divide the state into geographical differences, i.e.
mountains and prairies. These two models may favor different predictor variables and
further increase the accuracy of the overall model.

The incorporation of multiple models is a common approach to modeling WVCs.
If models are built to estimate AADT and speed along roadways in Montana, the risk
maps can be expanded to more than just the main road network. There can also be models
that add in more specific temporal data. An adjustment model can be used to relate risk to
the time of day, and times near dawn and dusk will increase the risk. Weather forecasts
can be added to adjust the risk based on environmental conditions. Rainy days will
reduce visibility and reduce the friction between the road and tires. More research is

required to further understand how these models can fit into predicting WVC risk.



54

CHAPTER SIX

SEASONAL RISK MAPPING

This chapter takes the entire dataset and applies it to the best performing model
selected from the previous section. These predicted outcomes of WVC risk are applied to

the Montana on system routes to visualize the estimated risk across the state.

Predicting Collisions

The original data produced a risk map for Montana’s highway system using the
Buffer-Roadkill analysis combination. Predicted values for risk of WVC using the
yearlong data range from 0 to 33.48 collisions per million miles traveled. This indicates
some roads in Montana are 33.5 times more likely to experience WVCs compared to
other road sections. When a color gradient based on predicted values is transferred back
to the road network, a risk map can be drawn that varies between and within road
corridors (Figure 6). The range in risk of a WVC across the state of Montana is estimated
between 0.00006 and 33.5 times per million vehicle-miles traveled. There are many more
roads in the western part of the state that have estimated WV C risk > 1. The changes in

risk are more noticeable in the more detailed map in Figure 7.
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Division of Seasons

The collisions were further divided into groups for each season. Each season is
three months and starts on the first day of the month with an equinox or solstice.
Regularization for variable selection, NB models, and RF algorithms are computed for
each season to build predictive models using the Buffer-Roadkill analysis method. There
are 3,637 (15.6%) of Buffer analysis units that contain at least one roadkill location in
winter, 3,167 (13.6%) in spring, 3,360 (14.4%) in summer, and 4,680 (20%) in fall.
Models were tested by starting with all of the non-correlated variables and from the 15

most influential ones. Variables were removed one at a time by largest p-value greater

than 0.05. The statistical measurements for the seasonal models can be seen in Table 9.

Buffer-Carcass McFadden  Adjusted Cox & Nagelkerke
Season, # of Variables RMSE R? R? Snell R? R?
Winter, 13 2.838 0.153 0.1552 0.1901 0.2567 21291
Spring, 13 3.189 0.1731 0.1719 0.188 0.2687 18618
Summer, 10 3.157 0.1709 0.17 0.1899 0.2681 19112
Fall, 12 2.547 0.1634 0.1624 0.2376 0.2934 25994

Table 9: Statistical measures for seasonal NB models.

There are similarities in the statistical measurements if winter and fall are grouped
together, and spring and summer are together. Approximately 17% of the variation is
explained by the variables used in the spring and summer. The fall and winter have lower
RMSE, with the lowest being in the fall at 2.547. These results are less accurate than the
full models using the yearlong dataset. This is expected because the amount of analysis
units remains the same, but the response is divided by four. This creates a higher amount

of over-dispersion in each dataset.
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There are some mentionable similarities in the variables used in the seasonal NB
models. The influence of each variable on the risk of WVCs can be seen in Table 10.
The number of mammals in an area, arterial roads, rural roads, speed, and riparian habitat
used in each seasonal model. These also predict an increase in WVC risk as the amount
of each variable in the analysis units increases. Distance to water, AADT, and shrubland
are also in every seasonal model, but they decrease the risk of collisions as the predictor

values increase.

Season Buffer-Roadkill — Variable Influence on Response

Variable Winter Spring Summer Fall Total
‘ Intercept - - - - 4
NHS Non-Interstate - - - 3
Secondary Road + + + 3
Urban Area - - 2
Mammals + + + + 4
Arterial + + + + 4
Interstate - 1
Rural + + + + 4
AADT - - - - 4
Speed + + + + 4
Slope - - 2
Canopy + 1
Water Dist. - - - - 4
Forest = - 2
Riparian + + + + 4
Shrubland = - - - 4
Diversity + + + 3
Complexity + 1

Table 10: Comparison of seasonal NB models’ variable influence on the risk of WVC.
The total number of models the variable is in is added together in the right column, 4 is
the largest a total can sum to.

It is interesting to see how some variables are used in within two or less seasons.
This may show changes in behavior and how animals may prefer different habitats during

certain times of the year. For example, an increase in canopy density in the spring
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predicts the risk of a collision is higher; many animals require thick cover when they are
protecting their new offspring. An increase in the average slope decreases the risk of a
collision during the winter and spring, implying collisions are more likely on level
ground. During the summer and fall, the snow melts from the hillside and allows animals

to travel more freely through hillsides and mountains.

Winter, 15 1.01 0.383
Spring, 14 0.818 0.3839
Summer, 15 0.791 0.3325
Fall, 15 1.229 0.4147

Table 11: Statistical measurements for seasonal RF models.

There are reductions in the RMSE in the RF models likely due to reduced
variance in the roadkill response compared to the full set of data. The R? values are lower
but they are relatively close, with the lowest in the summer with about 33% and the
largest in fall just over 41% of the variance explained the variables used in the model. A
summary of the results can be seen in Table 11.

The predictions for each season show stark differences in the distribution and
amount of risk involving WVCs in Montana. Maximum winter (11.94) and fall (12.14)
are comparable for risk of a collision. Whereas maximum spring (6.41) and summer
(6.46) WVC risk is much lower. It is validation that the seasonal models are working in a
similar manner to the full dataset, because the sum of the maximum risk in each season is
approximately equal to the maximum total risk. A more detailed comparison of the
differences in WVC risk in each season can be seen in Figures 8, 9, and 10. There are

some areas across the state that have relatively high risk throughout the year.
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Figure 8: Predicted risk of WVCs for each season in southwest Montana, 1:7,000,000 scale
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Figure 9: Predicted risk of WVCs for each season between Bozeman and Billings, 1:3,000,000 scale
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Figure 10: Predicted risk of WV Cs for each season around Bozeman, Montana, 1:500,000 scale.

29



63

CHAPTER SEVEN

CONCLUSIONS AND RECOMMENDATIONS

This chapter looks at the overall structure and performance of the research models
presented in this report. It explains how the process has the ability to improve our
methods to analyze WV Cs on a large geographic scale, and how this type of modeling

may be applied to real-world situations.

Summary

This research takes techniques from current methods used to predict the risk of
WVCs. It applies newly established machine learning techniques to increase the accuracy
of the model. These methods for variable selection allow models to be built with less
variables that explain a large proportion of the variance in the response. Further
exploration of additional machine learning technique like SMOTE will further be able to
identify differences in the environment to increase the accuracy of predicting risk.

Studies that try to predict human behavior commonly have R? values lower than
50%, due to the simple fact people are harder to predict than physical processes
(Regression Analysis, 2013). There is a large variation in the amount collisions and
where they are located. The variables selected for this state-wide model are able to
explain over half of the variation in the response. If the road network and landscape

characteristics are the only things that affect the risk of a WVC, these models are weak
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for predictions. There are multiple other factors (e.g. driver abilities, time of day,
weather, road conditions, etc.) that influence a collision occurring.

The application of landscape and network variables in this prediction model is
able to assess the differences in the risk of WVCs across the entire state. Montana is the
third largest state out of the lower 48. This method of analysis provides a cheap and
effective way for researchers to monitor risk along existing highways during different
parts of the year. This will allow for easy identification of hazardous areas along the state
road network where safety concerns should be addressed. The standardization of analysis
methods will allow for the seamless transfer of analyses between agencies; allowing for a

more continuous understanding of the hazards associated with WVCs.

Implementations

This study is the basis for expanding our knowledge on how a driver’s risk of
WV C changes as they travel along the roadway. Montana is a great example because it is
the fourth largest state, and the transportation network bisects a landscape with multiple
ecosystems and a wide range of large mammals. This analysis method shows it is
possible to model for the risk of WVCs on a state-wide scale. Further research is needed
to increase the accuracy and sensitivity of the model, but initial results are promising.

This research shows the flexibility of analyzing WVC risk, and introduces a new
method to extract data and create predictive models. It shows great potential for being a
productive tool for the transportation engineers as they approaches the problem of

identifying hazardous areas along roadways. The model held up to previous research that
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has identified significant variables that influence collision locations. This approach is also
suitable for replication because all of the data is free to the public. It is a cost effective
way to model WVC risk for a state. This will allow states to connect their maps together
to created regional risk maps of WVCs for the United States.

These findings can be used to inform transportation policies to mitigate WVC risk
and to estimate the impacts on WVC risk as traffic patterns shift and road networks
evolve. The results can be used to determine the proper placement of mitigating
infrastructure and/or landscape maintenance along roadways, i.e. reduce vegetation
height to allow more visibility.

This model produced a quality risk map for the state of Montana. Overall, the
maps capture the changes in risk throughout the year, they generally match collected
WV C data, and even coincides with published work on the locations of collision hotspots
in Montana (Creech et al. 2016). This research creates the starting blocks to complex
real-time risk-mapping models. Data-informed results, like the ones presented here, can
be integrated into smart technology and developed into on-board driver alert systems.
With the advancements of autonomous vehicle sensors, we can incorporate real-time
driving data into models that will analyze wildlife-vehicle collision risk based on
location, season, time of day and driving habits.

Collisions with wildlife vary throughout the year based on weather, animal
behavior, and migratory paths. This is a tool to keep drivers aware of their surroundings
in order to decrease their reaction time if something is on or near the road. This can

increase driver safety by informing them when they are traveling in areas where wildlife-
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vehicle collisions are more likely to happen, and can be especially helpful while driving

on unfamiliar roads.
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