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ABSTRACT 

Home range analysis involves characterizing the spatial extent that an animal occupies 

from sample points that record its location periodically over time.  Kernel density 

estimation (KDE) is currently the most widely applied and accepted method of home 

range estimation, although several authors have recently questioned its use for this 

purpose, citing instances when it performed poorly for certain types of point 

distributions.  The first part of this dissertation provides a critical evaluation of KDE in 

the context of home range estimation from a geographic information science 

(GIScience) perspective.  First, the accuracy of KDE as a home range estimator is 

tested using simulated animal locational data that conform to different shapes.  Because 

those results suggest that KDE is not robust to point pattern shape, the method then is 

examined in the context of its underlying statistical and spatial assumptions. This review 

reveals that KDE implicitly assumes that the point locations used in the analysis were 

generated by a stationary, Euclidean-based process.  As point locations for home range 

analysis are derived from an animal’s continuous movement trajectory through space, a 

nonstationary, network-based process, application of KDE to home range analysis is in 

violation of the technique’s underlying assumptions.  This leads to the conclusion that 

KDE is inappropriate for home range estimation.  The second part of this dissertation 

then develops and explores an alternative method of density estimation that assumes 

network-based rather than Euclidean-based space usage: network-based kernel density 

estimation (NKDE).  NKDE is applied to wildlife-vehicle collision data for illustration.  

Because animal locational data are generated by a network based process, NKDE is 

extended to estimate wildlife home ranges.  Then, NKDE is applied to the same point 

pattern data of different shapes used to evaluate KDE.  The results suggest that NKDE 

performs much more accurately as a home range estimator than traditional KDE. 
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CHAPTER 1 

 

INTRODUCTION 

 

Ecologists and biogeographers have a long tradition of studying how animals 

move about, occupy, and utilize their environment.  This topic continues to attract 

significant attention in the literature, perhaps because scientists widely recognize 

numerous threats to biodiversity (Wilson 1989), and knowledge of species habits 

can aid conservation efforts.  A solid understanding of animal space-use 

patterns, in particular, is crucial for many management activities, including: 

habitat enhancement and restoration (Huxel and Hastings 1999), development of 

endangered species recovery plans (Foin et al. 1998), control of exotic and 

invasive species (Ziller and Zalba 2007), population viability assessment (Boyce 

1992), mitigation of human-wildlife conflicts (Messmer 2000), nature reserve 

design (Williams and ReVelle 1996), and species reintroduction programs (Falk 

and Olwell 1992).  Consequently, accurately quantifying animal space-use 

patterns remains a current research priority. 

 The home range serves as the fundamental measurement of animal 

space-use patterns used by ecologists (Hemson et al. 2005).  Burt (1943:315) 

originally defined the home range of an animal as the “area traversed by the 

individual in its normal activities of food gathering, mating, and caring for young,” 

and this usage persists in the literature.  Contemporary home range analysis 

involves delineating the spatial extent that an animal occupies from sample 

points that record its location periodically over time, as well as identifying core 

areas of habitat-use within that range.  Kernel density estimation (KDE), a 

nonparametric statistical method of data smoothing (Silverman 1986) and point 
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pattern analysis (Cressie 1993, Fotheringham et al. 2000), is currently the most 

widely applied and accepted method of home range estimation (Worton 1989, 

Kernohan et al. 2001). First, KDE is used to smooth the set of sample point 

locations in order to quantify an animal’s utilization distribution (UD), “the (usually 

two-dimensional) relative frequency distribution of an animal’s location over time” 

(Worton 1987: 278). Then, home ranges and core areas are delineated from the 

estimated UD, with the home range defined as the smallest area within which an 

animal spends 95% of its time and the core area similarly as 50% (White and 

Garrott 1990).   

 Use of KDE for home range estimation has received widespread support 

in the literature (Worton 1987, 1989, White and Garrott 1990, Seaman and 

Powell 1996, Kernohan et al. 1998, De Solla et al. 1999, Seaman et al. 1999, 

Kernohan et al. 2001, Gitzen and Millspaugh 2003, Getz and Wilmers 2004, 

Millspaugh et al. 2004, Barg et al. 2005, Fieberg and Kochanny 2005, Borger et 

al. 2006, Gitzen et al. 2006, Horne and Garton 2006, Mills et al. 2006, Fieberg 

2007).  However, Hemson et al. (2005) recently questioned KDE’s use as a 

home range estimator, as it produced inaccurate results when tested with 

locational data obtained using GPS (Global Positioning System)-tracking collars.  

Similar results have been recently reported for fish (Topping et al. 2005) and 

reptiles and amphibians (Row and Blouin-Demers 2006).  Several studies have 

also noted that KDE overestimates home ranges of particular shapes, including 

those that have sharp edges (Getz and Wilmers 2004), are linear (Blundell et al. 

2001), or contain large areas of unused space within their interiors (Getz and 

Wilmers 2004, Hemson et al. 2005, Row and Blouin-Demers 2006).  This 

evidence suggests that KDE may not be robust to the underlying shape of the 

point pattern of animal locations.  If this is the case, KDE’s appropriateness as a 

home range estimator should be critically examined in the context of its 

underlying statistical and spatial assumptions, as there may be a related 

explanation for its poor performance for some types of point patterns. 
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 This dissertation provides such a critical evaluation of KDE in the context 

of home range estimation, as well as for spatial point pattern data in general, 

from a geographic information science (GIScience) perspective.  GIScience is 

largely concerned with the study of the nature and properties of geographic 

information and the associated technologies, primarily geographic information 

systems (GIS), used for its analysis (Longley et al. 2005).  GIScience, in part, 

focuses on understanding the nature of geographic data and developing 

appropriate methods for their analysis.  Geographic data display different 

properties than aspatial data, which often invalidate traditional forms of statistical 

analysis because assumptions are often violated.  The goal of this dissertation is 

to first confirm whether or not KDE is robust to the underlying shape of point 

distributions and then to develop a theoretical explanation for why this may or 

may not be the case.  If use of KDE for home range estimation violates the 

method’s underlying spatial assumptions, then that might explain recent evidence 

of its poor performance and indicate it is an inappropriate form of analysis.  If 

KDE is deemed inappropriate for this purpose, then a second goal of this 

dissertation is to develop a more suitable technique for characterizing animal 

space-use patterns that satisfies any inherent assumptions of the technique.   

 First, Chapter 2 reviews historical and contemporary methods of home 

range analysis.  This chapter first explores methods of collecting animal 

locational data in the field, including direct observation, radio-telemetry, satellite 

telemetry, and GPS tracking.  Then, important data collection issues for home 

range analysis are highlighted, including positional error and sampling protocols.  

Finally, various methods of home range estimation are reviewed, including 

polygon delineations, parametric statistical techniques, nonparametric statistical 

methods, and several alternative approaches.  KDE and other techniques 

currently applied in practice are emphasized. 

 Then, Chapter 3 quantifies how accurately KDE—and the minimum 

convex polygon (MCP), another common home range estimator—perform for 
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animal locational data that conform to different home range shapes.  These 

home range estimators are evaluated using simulated data from five classes of 

point pattern shapes: concave, convex, linear, perforated, and disjoint.  KDE and 

MCP methods are tested using four sample sizes typical for radio-telemetry 

studies.  For each combination of home range estimation technique, shape of 

distribution, and sample size, the amount of bias associated with the 50% (core 

area) and 95% (home range) contours of the estimated UDs is calculated.  The 

results of the analysis are used to determine if the accuracy of KDE and MCP are 

sensitive to the underlying shape of the distribution of animal locations. 

 Because the results from Chapter 3 confirm that KDE is indeed not robust 

to point pattern shape, issues related to the statistical analysis of spatial data are 

reviewed in Chapter 4, as this might lead to a theoretical explanation for the 

technique’s poor performance as a home range estimator.  This chapter first 

provides a background of relevant spatial issues in statistics from a GIScience 

perspective.  Highlighted issues include: (1) spatial autocorrelation, (2) 

stationarity, and (3) spatial representation.  Then, the application of KDE to 

spatial data is evaluated in terms of the technique’s underlying assumptions and 

these three spatial issues.  This assessment is used to explain why KDE is 

apparently not robust to point pattern shape, as well as identify situations where 

KDE can be appropriately applied to spatial data. 

 The examination of issues of spatial representation in Chapter 4 reveals 

that KDE implicitly assumes that the point locations used in the analysis were 

generated by a stationary, Euclidean-based process.  As point locations for home 

range analysis are derived from an animal’s continuous movement trajectory 

through space, a nonstationary, network-based process, application of KDE to 

home range analysis is in violation of the technique’s underlying assumptions.  

This leads to the conclusion that KDE is inappropriate for home range estimation.  

Chapter 5 then explores an alternative method of density estimation that 

assumes network-based rather than Euclidean-based space usage: network-
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based kernel density estimation (NKDE).  NKDE adapts traditional KDE to a 

network-based geospatial measurement framework and produces an intensity 

plot with similar interpretations.  NKDE is applied to wildlife-vehicle collision data, 

using a road network to define the geospatial measurement framework, for 

illustration.  The resulting NKDE surfaces are then compared to those produced 

by Euclidean-based KDE to demonstrate how the new technique provides a 

more realistic characterisation of wildlife-vehicle collision patterns.   

 Because animal locational data are generated by a network based 

process, Chapter 6 then extends NKDE to estimate wildlife home ranges.  First, 

travel networks are approximated from animal locational data using Delaunay 

triangulation (DT), a graph constructed by connecting the points with edges to 

form triangles.  Then, NKDE is applied to sample point locations using the DT 

network, resulting in an estimated animal UD in the same manner as for 

traditional KDE.  NKDE is applied to the same point pattern data of different 

shapes used to evaluate KDE in Chapter 3.  Then, the accuracy of NKDE as a 

home range estimator is assessed and compared to the results for KDE.  

Conclusions and recommendations for using NKDE for home range analysis are 

also provided.  

 Finally, Chapter 7 concludes with a summary of the dissertation and a 

discussion of research implications.  This dissertation closely examines issues of 

spatial representation on kernel density estimation in the context of animal home 

range estimation, although the conclusions can be extended to spatial data in 

general.  The inherent use of a Euclidean geospatial measurement framework 

explains why KDE is not robust to the underlying shape of point patterns it is 

used to analyze.  Adapting KDE to network geospatial measurement framework 

improves the ability of the technique to characterize point patterns generated in 

network spaces, including animal locational data.  In addition to developing a 

more accurate method of home range estimation, this dissertation highlights the 
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importance of considering issues of spatial representation when conducting 

statistical analyses using geographical data.  
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CHAPTER 2 

 

METHODS OF HOME RANGE ANALYSIS 

 

 

Introduction 

Home ranges define the area that an animal typically occupies during a specified 

time period (Burt 1943).  Contemporary home range analysis involves delineating 

the spatial extent that an animal occupies from sample points that record its 

location periodically over time, as well as identifying core areas of habitat-use 

within that range.  Home ranges provide the most basic information about 

species’ space-use patterns, as well as contribute to more detailed ecological 

analyses, such as habitat preference (Aebischer et al. 1993), spatial overlap of 

individuals and taxa (Fieberg and Kochanny 2005, Righton and Mills 2006), 

behavioral patterns (Seaman and Powell 1996), carrying capacity estimation 

(Downs et al. 2008), and nature reserve design (Fagan and Lutscher 2006).  

Consequently, accurately obtaining accurate home range estimates is of vital 

interest to ecologists. 

 Ecologists have employed a variety of techniques to estimate home 

ranges from animal point locations during the last 50 years.  This chapter first 

explores methods of collecting animal locational data in the field: direct 

observation, radio-telemetry, satellite telemetry, and GPS tracking.  Then, 

important data collection issues for home range analysis are highlighted, 

including positional error associated with individual point locations and the 

influence of sampling protocols on the results.  Finally, methods of home range 

estimation are reviewed, including polygon delineations, parametric statistical 
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techniques, nonparametric statistical methods, and several alternative 

approaches.  Home range estimators currently applied in practice are 

emphasized. 

 

 

Methods of Data Collection 

Animal point locations can be obtained by making direct observations of an 

animal or using more high-tech methods, such as radio telemetry, satellite 

telemetry, or GPS tracking (Amstrup et al. 2004).  Direct observation involves 

repeatedly observing an individual over time and recording its spatial location in 

the form of x and y coordinates.  Correctly identifying a particular individual is 

crucial to obtaining accurate estimates of its space-use patterns.  Natural 

markers can be used if variations in size, shape, color markings, or other 

physical features distinguish individuals; otherwise artificial markers, such as 

tags, bands, collars, dyes, paints, or branding, are required (Nietfeld et al. 1996).  

Artificial markers can be more reliable but necessitate capture of the animal 

(Nietfeld et al. 1996).  Direct observation is less preferred to high-tech methods, 

because it is often difficult to acquire repeated observations if the animal is 

secretive or inactive, if terrain is obstructive, and during nighttime (Biggins and 

Pitcher 1978, Borkowski and Furubayashi 1998, Borkowski and Pudelko 2007).  

Consequently, contemporary ecologists only use direct observation in a limited 

number of situations where capture of the animal is prohibited or infeasible. 

 Radio telemetry involves attaching a very high frequency (VHF, 30-300 

MHz) transmitter to an animal using a collar, backpack, leg band or other device 

and triangulating its position using ground-based or airborne antennae and 

receivers (Samuel and Fuller 1996).  Ecologists began tracking animals using 

radio telemetry during the 1960s (e.g. Graber 1966, Heezen and Tester 1967), 

and the technique became mainstream by the late 1970s.  Radio telemetry 

enables cost-effective, repeated tracking of animals, and it remains the dominant  
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technique used by wildlife ecologists (Kenward 2000, Millspaugh and Marzluff 

2001).  While radio telemetry allows animals to be located much more 

consistently than using direct observation, the number of locations obtained by 

VHF transmitters is still limited by the time and manual effort required to 

triangulate the animal’s position (Fancy et al. 1988).  Triangulation of a single 

animal location requires obtaining at least three, but ideally four or more, 

bearings between the receiver and transmitter (Figure 1). 

 

 

 

 

 

Figure 1. Triangulation of an animal’s location using three radio telemetry 
bearings. 

 

 

 

 

2

1

3
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 Recent technological innovations in location based services (Miller 2005) 

have enabled ecologists to track animals using satellite telemetry and global 

positioning systems (GPS) tracking.  Satellite telemetry involves attaching a 

platform transmitting terminal (PTT) to an animal using a collar or other device 

similar to those used for radio telemetry.  Several satellites receive signals from 

the PTT, triangulate the animal’s position, and transmit the recorded locations 

back to ground receiving stations (Fancy et al. 1988, French 1994).  Satellite 

tracking is becoming more popular, because systematic, repeated locations of 

individual animals are much easier to obtain than for radio telemetry, as the PTTs 

are programmed to transmit at a specified sampling interval (Amstrup et al. 

2004).  The number of locations that can be recorded depends on the number of 

satellite passes (determined by geometry between satellites and the PTT), PTT 

transmission frequency, and PTT battery life.  Some studies have shown that 

satellite tracking can be cost-effective (Javed et al. 2003), although high 

equipment and transmission costs currently limit its widespread use (Stuwe et al. 

1998, Lindberg and Walker 2007).   

 GPS tracking involves attaching a GPS receiver to an animal, where the 

unit receives signals from satellites and uses that information to triangulate its 

position on the ground (Rodgers et al. 1996).  The GPS unit then stores the 

spatial locations and time stamps on board.  The data then are either transmitted 

to a ground station or retrieved directly from the device.  In the latter case, the 

animal must be recaptured, or the unit must be equipped with a drop-off 

mechanism.  The number of animal locations that can be recorded is limited by 

both the device’s storage capacity and the battery life of the GPS unit.  Battery 

life is a tradeoff between the interval and duration of sampling (Mills et al. 2006).  

GPS tracking is becoming more popular in wildlife ecology, as the approach is 

becoming more affordable than other alternatives (Clark et al. 2006).   
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Data Collection Issues 

Regardless of the method used to collect animal locational data, positional 

accuracy is an important consideration, as there is always some level of 

uncertainty about an animal’s exact position in space.  The accuracy of radio 

telemetry data is limited, because direction finding of the signal to triangulate an 

animal’s position is imprecise and can be difficult. This is because VHF signals 

have a limited range, are subject to bounce, and can be impeded by terrain or 

other obstructions (Fancy et al. 1988, Samuel and Fuller 1996).  For this reason, 

an error ellipse is typically generated for each triangulation, and locations 

associated with errors are discarded from the dataset (White and Garrott 1990).  

Satellite telemetry and GPS tracking are similarly affected by terrain, topography, 

satellite visibility and availability, and receiver position, although they often 

produce more accurate estimates than radio telemetry (Rempel et al. 1995, 

Hulbert and French 2001, Di Orio et al. 2003, Cain et al. 2005, D'Eon and 

Delparte 2005, Jozwiak et al. 2006, Lewis et al. 2007).  However, estimates of 

the positional accuracy of individual locations are not provided for satellite 

telemetry and GPS tracking, so positional accuracy can only be assessed by 

comparing recorded locations to known ground reference points.  As this is not 

always feasible, the accuracy of locational data collected using these methods is 

generally uncertain. 

 In addition to obtaining accurate locational data, acquiring representative 

samples is critical for computing accurate home range estimates (Otis and White 

1999, Fieberg 2007).  Sample size is the first concern.  Typically, home range 

estimates, regardless of the method, require about 30 locations but preferably 50 

or more (Swihart and Slade 1985, Seaman et al. 1999, Girard et al. 2002, Gitzen 

et al. 2006).  For a given sample size, frequency and duration of sampling are 

important considerations, as there is a tradeoff between the two with respect to 

battery life of transmitters and tracking units.  Generally, obtaining samples less 
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frequently over a longer period is preferred to more frequent sampling over a 

shorter time period (Girard et al. 2002, Borger et al. 2006, Girard et al. 2006).  

Wider tracking intervals are generally recommended in order to reduce spatial 

and serial autocorrelation.  Spatial autocorrelation occurs when a point locations 

are influenced by the presence of other points that are nearby (Chou 1995), while 

serial autocorrelation occurs when point locations recorded in temporal 

succession are more associated with one another than those recorded at other 

times (Fotheringham et al. 2000).  Spatial autocorrelation is nearly always 

present in animal locational data, because the points are a product of a single 

animal moving through space, and movements are constrained by previous 

locations.  Both spatial and serial autocorrelation can be problematic, because 

most home range estimation techniques assume the data are statistically 

independent.   

 Random or systematic sampling protocols are usually recommended for 

collecting animal locational data in order to obtain representative samples that 

are not serially or spatially autocorrelated (Samuel and Fuller 1996, Fieberg 

2007).  Analysis of highly autocorrelated animal locational data often results in 

underestimates of home range sizes (Swihart and Slade 1985, 1997, Blundell et 

al. 2001), although eliminating all spatial autocorrelation has been shown to 

reduce the accuracy of home range estimates (De Solla et al. 1999).  

Autocorrelation is particularly problematic when a ‘burst’ sampling protocol is 

used.  Burst, or cluster, sampling involves recording animal locations at high 

temporal frequencies over short periods of time that are separated by wide time 

intervals.  This method  is commonly used in radio telemetry studies, as it 

reduces the duration of tracking and manual effort required to collect the 

locational data (Samuel and Fuller 1996).  If burst sampling procedures are used, 

then traditional home range estimation techniques cannot be used without 

adjusting for the autocorrelation (Katajisto and Moilanen 2006, Fieberg 2007).   
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Methods of Home Range Estimation 

Ecologists have employed a variety of techniques to estimate home ranges from 

the animal point locations described above.  These approaches fall broadly within 

four main categories: (1) polygon delineations, (2) parametric statistical 

techniques, (3) nonparametric statistical methods, and (4) miscellaneous 

approaches.  This section reviews each of these categories, in turn, in the order 

that they were first applied by ecologists as home range estimators. 

 

 

Polygon Delineations 

Polygon methods link the peripheral locations of a point distribution to enclose 

the remaining points within a hull.  The minimum convex polygon (MCP), the 

smallest area polygon that contains all points of a distribution such that all 

internal angles are ≤ 180 degrees, was first used by Mohr (1947) as a home 

range estimator (Figure 2).  The MCP is generally considered an unreliable 

method, as it is sensitive to sample size, provides no measure of internal space-

use, does not provide a measure of uncertainty to the home range boundary, and 

often contains large areas of unoccupied space if home ranges are not a convex 

shape (Worton 1987; 1989).  Despite these shortcomings, the MCP is still used 

as a home range estimator (e.g. Barg et al. 2005, Jurczyszyn 2006), largely 

because it is simple to construct and was touted as comparable among studies 

by Harris et al. (1990).  MCP home range estimates can be improved somewhat 

by excluding the outermost points from the analysis (White and Garrott 1990).  

Worton also reviewed several similar hull-based methods, such as the peripheral 

location polygon (Clutton-Brock 1982), although these methods are now seldom 

used for the same reasons.   
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Figure 2.  Minimum convex polygon for a set of points. 

 

 

 

Parametric Statistical Techniques 

Parametric statistical methods of quantifying animal space-use patterns were 

developed so that core areas—locations where the space-use intensity is 

greatest (highest density of event locations per unit area)—within the home 

range could be identified.  The first of these approaches simply attempted to 

locate the mean center of activity (Hayne 1949) and describe the intensity about 

it (Dice and Clark 1953).  Subsequent parametric methods are often termed 

‘center of activity models,’ because they assume that an animal’s activity is 

concentrated within the center of its home range, and its use decreases with 

distance from the center according to some predefined statistical distribution 

(Worton 1987).  Calhoun and Casby (1958), Jennrich and Turner (1969), Van 

Winkle (1975), and Dunn and Gipson (1977) used bivariate normal models to 

describe animal home ranges.  Although these four models differed slightly, each 

assumed that the individual animal locations followed a bivariate normal 

distribution and that the home range was either circular or elliptical centered on a 

single center of activity.  Don and Rennolls (1983) extended the bivariate normal 

model to permit multiple centers of activity.  Because the normality and shape 

assumptions on which these models are based are unrealistic for most species, 
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they have seldom been applied for home range estimation since the 

development of nonparametric techniques for home range estimation (Samuel 

and Fuller 1996). 

 

 

Nonparametric Statistical Techniques 

Unlike parametric methods, nonparametric statistical techniques do not assume 

any particular underlying distribution or shape of the home range.  These 

methods smooth the two-dimensional array of point locations to obtain a 

continuous intensity surface that quantifies where the density of points is highest.  

The resulting density plot is then used to represent an animal’s utilization 

distribution, or UD, which Worton (1987: 278) defined as “the (usually two-

dimensional) relative frequency distribution of an animal’s location over time.”  

The home range is then considered the smallest area within which an animal 

spends 95% of its time and the core area that which encompasses 50% of the 

UD (White and Garrott 1990). These definitions have become standard in the 

literature.  Nonparametric statistical home range estimators were reviewed by 

Worton (1987) and Samuel and Fuller (1996) and include: the harmonic mean 

model, Fourier transformation, and kernel density estimation. 

 

 

Harmonic Mean 

The first nonparametric approach used for home range estimation was the 

harmonic mean model described by Dixon and Chapman (1980).  The harmonic 

mean model is based on travel distances between grid points on a map and 

animal locations, where contours of relative use are generated based on these 

distances.  The HM model was favored by ecologists for a short period of time, 

as it provided a more realistic representation of animal UDs than parametric 

statistical methods.  However, it was soon shown to produce misleading results, 
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as it is very sensitive to grid point spacing and takes an improper form of a kernel 

estimator, producing discontinuities where grid points and animal locations 

overlap (Spencer and Barrett 1984, Worton 1987). 

 

 

Fourier Transformation 

Anderson (1982) applied a Fourier transform method for estimating wildlife home 

ranges.  In this method, a bivariate histogram is first created from the animal 

locations.  Then, the histogram is smoothed using sine and cosine components 

of the Fourier transform series to estimate the underlying probability distribution 

of the animal’s UD (Samuel and Fuller 1996).  Anderson (1982) noted that 

Fourier transformation results are very sensitive to the size of grid cells used to 

make the intensity surface.  Worton (1987, 1989) showed that Fourier 

transformation produces misleading results when used for home range analysis, 

as it often generates negative intensity values and produces poor results at home 

range boundaries.  Worton, instead, recommended another nonparametric 

statistical technique, kernel density estimation for home range estimation. 

 

 

Kernel Density Estimation 

Kernel density estimation (KDE), a nonparametric statistical method of data 

smoothing (Silverman 1986, Scott 1992, Wand and Jones 1995) and point 

pattern analysis (Cressie 1993, Fotheringham et al. 2000), is currently the most 

widely applied and accepted method of home range estimation (Worton 1987, 

1989, Kernohan et al. 2001).  KDE smoothes the point pattern of animal locations 

by applying a continuous weighting function, or kernel, each dimension, resulting 

in a d-dimensional density plot that represents the animal’s UD.   The bivariate 

kernel density estimate  f at any point x in the plot is computed as: 
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where sample size n contains data points X1, X2,…, Xn; h denotes the smoothing 

parameter; and K(y) represents the kernel (Silverman 1986).  Once the density 

plot is computed, the home range is delineated as the smallest area that contains 

95% of the intensity (Figure 3). 

 

 

 

 

Figure 3.  Kernel density estimation used to estimate the home range (95% 
contour) and core area (50%) of an animal from sample point locations. 

 

 

 

 Any continuous, non-negative, radially symmetrical kernel that integrates 

to one can be used to obtain the density estimates.  Common examples include 

the Gaussian, Epanechnikov, Cauchy, triangular, and biweight kernels (Wand 

and Jones 1995).  The choice of kernel is not particularly important, as most of 

them tend to produce similar results to one another (Silverman 1986).  Gaussian 

kernels are nearly always used with KDE for home range estimation, perhaps 
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because their properties are well known and familiar to most ecologists.  The 

Gaussian kernel is formulated as: 

 

 K(y) =  2/2/1 2

)2( x
e
−−π .      (2) 

 

 The level of smoothing produced by a kernel is determined by its 

bandwidth, sometimes referred to as the smoothing parameter or window width.  

Animal locations can be smoothed using the same bandwidth in both the x and y 

directions or different bandwidths can be specified.  Kernel density estimates are 

sensitive to bandwidth selection, as bandwidths that are too small will 

undersmooth point patterns, while those too large have the opposite effect.  

Bandwidths can be specified arbitrarily a priori, using a reference or scale rule 

based on some parametric distribution, or selected using algorithms that 

minimize the error between the estimated and true distributions.  

 Reference bandwidths provide a rule-of-thumb for quick bandwidth 

selection.  A common rule is the normal reference bandwidth, HREF, which is 

based on selecting the optimal bandwidth under the assumption that the sample 

data come from a unimodal, bivariate normal distribution (Silverman 1986).  For a 

Gaussian kernel, HREF is computed as:  

  

 HREF = 6/1−
n YX ,σ ,       (3) 

   

using notation previously described.  If the sample data do not come from a 

normal distribution, use of HREF will oversmooth the point pattern (Silverman 

1986).  As animal UDs tend to have more than one center of activity, REF-KDE 

tends to oversmooth point patterns and overestimate home ranges, so it is 

generally less preferred to other methods of bandwidth selection (Worton 1995).  

Even given this observation, most software packages for estimating wildlife home 
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ranges with KDE use the ‘reference’ bandwidth (REF) as the default method of 

bandwidth selection or at least offer it as a choice.   

 Several algorithms have been developed to select optimal bandwidths 

without assuming the data are sampled from a parametric distribution.  These 

algorithms attempt to find the bandwidth that minimizes the error between the 

estimated and true density estimates based on the sample data.  This error is 

commonly measured by estimating the integrated squared error (ISE), mean 

integrated squared error (MISE), or asymptotic mean integrated squared error 

(AMISE) from the sample data.  ISE is computed as: 

 

 ISE = dxxfxf
2))()(ˆ( −∫ .          (4) 

 

MISE is defined as the integration of the mean squared error between the 

estimated and true distributions at each point in the grid, a global measure of the 

accuracy of the density estimator (Silverman 1986).  MISE is mathematically 

formulated as: 

 

 MISE(h) = dxxfxfE
2)]()(ˆ[ −∫ ,     (5)   

 

where E is the expected density.  Alternatively, AMISE provides an 

approximation of MISE that provides an expression that is easier to evaluate 

(Delaigle and Gijbels 2004).  AMISE is mathematically formulated as: 

 

 AMISE(h) = )''(
4

1)( 44
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nh

KR
Kσ+ ,    (6) 

 

where ''f is the second derivative of the underlying density, )''( fR  is integral of 

the second derivative, and R(K) is the integral of the kernel function (Sain et al. 
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1994).  Common bandwidth selection algorithms that are based on minimizing 

ISE, MISE, or AMISE include: (1) unbiased cross-validation, (2) biased cross-

validation, (3) likelihood cross-validation, (4) solve-the-equation, and (5) plug-in 

approaches. 

 Unbiased cross-validation (UCV), also referred to as least squares cross-

validation, is a bandwidth selection algorithm based on the idea of minimizing 

error associated with the density estimates when points are excluded from the 

dataset one at a time (Silverman 1986), resulting in a level of smoothing 

somewhere between the minimization of ISE and that of MISE (Sain et al. 1994).  

The UCV score for bivariate density estimation, assuming a Gaussian kernel and 

a different smoothing parameter for each dimension, is computed as: 

 

 UCV( 21,hh ) = 
21

22
21

2 )1()2(

1

)1()2(

1

hhnhhn −
+

− ππ
  

    

   ×∑∑ ∑∑
= ≠ == ⎥

⎥
⎦

⎤

⎢
⎢
⎣

⎡

⎪⎭

⎪
⎬
⎫

⎪⎩

⎪
⎨
⎧

∆−−
⎪⎭

⎪
⎬
⎫

⎪⎩

⎪
⎨
⎧

∆−
n

i ij k

ijk

k

ijk

1

2

1

2
2

1

2

2

1
exp4

4

1
exp ,  (7) 

 

where 2
ijk∆  = kjkik hxx /)( − (Sain et al. 1994).  UCV bandwidths are selected by 

computing a score for each h over a range of values and selecting the bandwidth 

that produces the lowest score.   

 Biased cross-validation (BCV) is a similar approach to UCV, except BCV 

is based on minimizing AMISE.  BCV has several formulations, although the 

BCV2 formulation by (Sain et al. 1994) is more commonly used.  The BCV2 

score for bivariate density estimation, assuming a Gaussian kernel and a 

different smoothing parameter for each dimension, is computed as: 
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where φ  is the standard normal density.  Similar to UCV, BCV2 bandwidths are 

selected by computing a score for each h over a range of values and selecting 

the bandwidth that produces the lowest score. 

 Likelihood cross-validation (LCV) is another bandwidth selection method 

based on minimizing MISE.  LCV minimizes MISE as measured by the Kullback-

Leibler distance between the true and estimated distribution (Silverman 1986).  

The Kullback-Leibler distance is a non-commutative measure of the difference 

between two probability density functions.  The LCV score is computed as: 
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=
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using notation previously described.  The optimal bandwidth selected by LCV is 

also determined by computing a score for each h over a range of values and 

selecting the bandwidth that produces the lowest score. 

 Wand and Jones (1995) described more complex methods of bandwidth 

selection that are not based on computing cross-validation scores.  Plug-in (PI) 

and solve-the-equation (STE) methods are both based on minimizing AMISE.  

Both approaches involve several stages to select the optimal bandwidth.  PI uses 

a pilot bandwidth, such as the normal reference rule, as a first guess to the 

optimal bandwidth.  Then, that pilot bandwidth is plugged into the formula for 

AMISE(h).  STE operates similarly, except the pilot bandwidth is chosen based 
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on estimates of density functionals for the particular kernel used to smooth the 

data.  Both PI and STE methods are detailed in Wand and Jones (1995). 

 LSCV has widely been recommended as a bandwidth selection method 

for KDE-based home range analysis (Worton 1987; 1989; 1995, Seaman and 

Powell 1996, Swihart and Slade 1997, De Solla et al. 1999, Seaman et al. 1999, 

Gitzen and Millspaugh 2003, Millspaugh et al. 2004).  More recently, however, 

studies have shown instances when LSCV-KDE performs poorly for when 

applied to actual animal locational data collected in the field (Blundell et al. 2001, 

Hemson et al. 2005, Row and Blouin-Demers 2006).  Additionally, LSCV-KDE 

has been shown to produce inaccurate home range estimates for locational data 

that conform to particular shapes, such as those that are (1) linear (Blundell et al. 

2001), (2) have sharp edges (Getz and Wilmers 2004), or (3) contain large 

amounts of empty space within their interior (Getz and Wilmers 2004, Hemson et 

al. 2005, Row and Blouin-Demers 2006).  In many of these cases, LSCV was 

cited as the reason for KDE’s poor performance as a home range estimator, and 

several other bandwidth selection techniques, described above, have recently 

been examined by ecologists.  Gitzen et al. (2006) tested PI and STE bandwidth 

selection methods, while Horne and Garton (2006) examined LCV.  None of 

these three methods consistently outperformed LSCV in those studies, however.  

Although BCV2 is commonly used for other purposes, its widespread use for 

KDE-based home range estimates has not been reported in the literature. 

  

 

Miscellaneous Approaches 

Several alternative methods have been developed to estimate animal home 

ranges.  Several polygon-based algorithms to estimate animal UDs have been 

recently developed, including hull-peeling (Worton 1995), Thiessen (Casaer et al. 

1999), link distance (Kenward et al. 2001), nearest-neighbor (Getz and Wilmers 

2004), and point-peeling (Bath et al. 2006) approaches.  Additionally, 



23 

mechanistic (Moorcroft et al. 1999) and fractal-based (Loehle 1990) models have 

been developed to estimate home ranges.  None of these approaches have been 

widely applied in the literature, so they are not further discussed in detail here. 

 

 

Summary 

This chapter recognizes several methods for collecting animal locational data in 

the field and describes numerous techniques available for computing home 

range estimates from that data.  Radio telemetry remains the most popular form 

of animal tracking, and the MCP and KDE are currently the most widely applied 

methods of analysis.  The next chapter explores the effects of point pattern 

shape on MCP and KDE home range estimates, an issue identified in Chapter 1 

as potentially affecting their accuracy, using simulated animal locational data of 

sample sizes typical for radio-telemetry. 
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CHAPTER 3 

 

EFFECTS OF POINT PATTERN SHAPE ON HOME RANGE 

ESTIMATES 

 

 

Introduction 

Chapter 2 described various methods for estimating animal home ranges from 

sample point locations, with the minimum convex polygon (MCP) and kernel 

density estimation (KDE) the two most commonly applied in practice.  MCP, the 

smallest area convex polygon that contains all of the point locations, is generally 

considered an unreliable method as it is sensitive to sample size, provides no 

measure of internal space-use, and often contains large areas of unoccupied 

space if home ranges are not a convex shape (Worton 1987; 1989).  Despite 

these apparent shortcomings, MCP is still commonly used as a home range 

estimator (e.g. Barg et al. 2005, Jurczyszyn 2006), largely because it is simple to 

construct and was touted as comparable among studies by Harris et al. (1990).   

 KDE is usually preferred to MCP, as it quantifies the relative frequency 

distribution of an animal’s location over time, termed its utilization distribution 

(UD), in addition to defining the spatial extent that it occupies (see Chapter 2).  

An important property of KDE is that the results are sensitive to the choice of 

bandwidth; bandwidths that are too large oversmooth the point pattern and 

overestimate home ranges, whereas those that are too small have the opposite 

effect (Kernohan et al. 2001).  Consequently, much of the recent research on 

home range analysis has focused on selecting ‘optimal’ bandwidths for KDE.  

These approaches include specifying a reference bandwidth (REF) or using 
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algorithms based on minimizing the error between the true and estimated UDs.  

Common algorithms include least-squares cross validation (LSCV), likelihood 

cross validation (LCV), plug-in (PI), and solve-the-equation (STE), which are also 

detailed in Chapter 2.   

 LSCV has widely been recommended as a bandwidth selection method 

for KDE-based home range analysis.  Most of the studies that evaluated the 

performance of LSCV-KDE (Boulanger and White 1990, Seaman and Powell 

1996, Seaman et al. 1999, Gitzen and Millspaugh 2003) used simulated data that 

were generated based on parametric statistical distributions, such as the 

bivariate normal or bivariate normal mixtures.  More recently, however, studies 

have shown instances when LSCV-KDE performs poorly when applied to actual 

animal locational data collected in the field (Blundell et al. 2001, Hemson et al. 

2005, Row and Blouin-Demers 2006).  In these cases, LSCV was cited as the 

reason for KDE’s poor performance as a home range estimator, and several 

alternative bandwidth selection techniques have been examined recently. 

 Gitzen et al. (2006) tested plug-in (PI) and solve-the-equation (STE) 

bandwidth selection for KDE-based home range estimation, and Horne and 

Garton (2006) examined likelihood cross validation (LCV). Both studies tested 

the bandwidth selectors using simulated animal locational data that were 

generated by combining multiple bivariate normal point distributions, such that 

the number of normals determined the degree of clumping in the point pattern.  

Tests of these methods using actual animal locational data have yet to be 

reported in the literature, although both have been recommended as alternatives 

to LSCV (Gitzen et al. 2006, Horne and Garton 2006). 

 Although use of simulated locational data to test home range estimators is 

certainly appropriate, as it allows exploration of a range of known point 

distributions, the use of bivariate normal mixtures or other statistical distributions 

as the sole basis for tests may be problematic.  While their use has the 

advantage that their statistical properties are well known so that integrated 
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squared errors can easily be estimated, they may not accurately represent the 

nature of UDs for all species.  Sample locational data that conform to a bivariate 

normal distribution assume an animal’s activity is concentrated in the center of 

the home range, with activity decreasing outward from that center according to a 

Gaussian distribution (Metzgar 1973).  Mixtures of these distributions then 

assume multiple centers with a similar pattern.  Using only bivariate normal 

mixtures to test home range estimators excludes certain types of UDs 

representative of some wildlife species.  KDE has been shown to overestimate 

home ranges in instances where the animal locations do not conform to bivariate 

normal mixtures, such as those that are linear (Blundell et al. 2001), have sharp 

edges (Getz and Wilmers 2004), or contain large amounts of empty space within 

their interior (Getz and Wilmers 2004, Hemson et al. 2005, Row and Blouin-

Demers 2006).  This suggests that home range estimators should be tested 

systematically for simulated data that represent a wider range of UD types than 

those generated by bivariate normal mixtures. 

 In this chapter, four home range estimation techniques are assessed: 

MCP, REF-KDE, LSCV-KDE, and PI-KDE.  These methods are tested using a 

range of simulated animal locational data that better represent a wider range of 

wildlife UDs than previously examined in the literature.  These include: (1) 

concave distributions, which are comparable to bivariate normal mixtures, (2) 

convex distributions with sharp edges, (3) linear distributions, (4) perforated 

distributions, and (5) disjoint distributions.  The four methods were tested using 

four sample sizes that are typical for VHF radio-telemetry studies.  For each 

combination of type of distribution and sample size, bias associated with the 50% 

(core area) and 95% (home range) contours of the estimated UDs were 

calculated to describe the accuracy of each home range estimator.  The results 

of the analysis were then used to formulate recommendations for home range 

analysis. 
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Methods 

 

Simulations 

Simulated animal locational data were generated using the S-PLUS (Insightful 

Corp.) SpatialStats module (Kaluzny 1998).  Distributions of 2500 points were 

produced using a Poisson cluster process, where the cluster radius determined 

the level of clustering in the point pattern.  Two levels of clustering were used to 

represent typical levels of autocorrelation in wildlife locational data: 0.25 for 

tightly clumped and 0.45 for loosely clumped distributions, as per Millspaugh et 

al. (2004).  Sixty point patterns were generated for each of 5 types of distribution: 

concave, convex, perforated, disjoint, and linear.  These 300 distributions served 

as the ‘known’ animal UDs, where the minimum area containing 50% of the UD 

defined the known core area and 95% the home range (White and Garrott 1990). 

 Concave distributions were generated using the 0.25 cluster radius that 

created point patterns that were comparable to bivariate normal mixtures.  These 

only included distributions that did not contain any non-overlapping clusters; 

these distributions were analyzed separately as disjoint patterns (Figure 4).  

Disjoint point patterns represented avian UDs, where multiple habitat patches are 

frequented but areas between them are seldom if ever used.  In this case, areas 

between patches comprise less than 5% of overall usage and are therefore not 

contained within the home range.  These patterns are roughly comparable to the 

nest tree distributions analyzed by Gitzen et al. (2006).   

 Additional cluster 0.25 and 0.45 point patterns were modified to better 

represent animal UDs that have sharp edges (convex), contain unused empty 

space within the interior (perforated), or are linear in shape.  To simulate these 

types of animal UDs, point distributions were imported into a geographic 

information system (GIS), and geoprocessing techniques were applied to them.  

Geoprocessing techniques are GIS commands that apply geometric operations 
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to spatial data layers to create new, modified datasets (Longley et al. 2005).  

Common geoprocessing procedures include intersect, merge, clip, and union 

operations. 

 Convex distributions were generated by selecting 5-7 random points, 

creating an MCP from the points, and removing any points outside the MCP from 

the distribution.  This process generated point patterns with sharp edges where 

the densest areas of points could occur along the edges. This pattern might be 

representative of species that have a tendency to travel along habitat edges or 

occupy territories with well-defined boundaries that are actively defended.  

Perforated point patterns were similarly produced by removing a block of points 

from the interior of each point distribution.  These point patterns represented 

animals whose UDs contain unused or unsuitable areas within the interior.  

Finally, linear patterns were created by randomly selecting 5 to 7 points from a 

distribution, creating a line from those points, buffering the line, and then 

extracting the points located within the buffer.  These represented animals with 

linear UDs such as those that occupy corridors or coastlines.   

 

 

Home Range Estimation  

Simulated animal UDs were sampled to compute core area and home range 

estimates using the MCP, REF-KDE, LSCV-KDE, and PI-KDE methods.  The 

analyses were conducted using the R statistical package (R Development Core 

Team. 2006).  MCP, REF-KDE, and LSCV-KDE estimates were computed using 

the add-on adehabitat package (Calenge 2006) and PI-KDE using the 

KernSmooth package.  Single, scalar bandwidths were used to compute REF-

KDE and LSCV-KDE estimates, while separate x and y smoothing parameters 

were used for PI-KDE (see Chapter 2).  MCP home range estimates were 

computed using the densest 50% and 95% points for the core area and home 

range estimates, respectively.  Likewise, the 50% and 95% intensity contours 
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Figure 4.  Concave (a), disjoint (b), linear (c), convex (d), and perforated (e) 
point patterns used to test home range estimators. 
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were considered the core area and home range for all three KDE estimates.  

Details of each bandwidth selection algorithm are detailed in Wand and Jones 

(1995), as well as the individual R package documentations. 

 Each home range estimation method was applied to each of the 300 

simulated distributions four times, once each using random selections of 25, 50, 

75, and 100 points, which are similar to those used in typical radio-telemetry 

studies (e.g. Gitzen et al. 2006).  Then, the estimated core areas and home 

ranges were compared to their corresponding known distributions by calculating 

the percent difference in total area. Mean differences and standard errors were 

summarized by distribution type, sample size, and method of home range 

estimation. 

 

 

Results 

The four home range estimation methods that were evaluated differed in their 

ability to accurately estimate core areas (Table 1) and home ranges (Table 2) for 

point distributions of different shapes.  Additionally, the methods were impacted 

differently by sample size.  For concave distributions, MCP tended to 

underestimate core areas and home ranges by an average of 11-44%, with 

higher levels of accuracy recorded at larger sample sizes.  The three KDE 

methods performed similarly to one another for concave distributions, with LSCV 

performing only slightly better than both REF and PI.  In all cases, the KDE 

methods overestimated core area and home range sizes, by up to 80% for n=25. 

Although the results did improve with increasing sample size, each method still 

produced results that were biased considerably, overestimating home ranges by 

about 40-50% even at sample sizes of 100. 

 Similar results were observed for convex distributions.  MCP produced 

unbiased results at all four sample sizes.  However, this result is not surprising, 

because the convex point distributions themselves were generated using convex 
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polygons.  All three KDE methods performed similar to one another for these 

convex distributions, but each grossly overestimated core areas and home range 

sizes, by a mean 124% for samples of 25 points.  Even at sample sizes of 100, 

the KDE home range estimators overestimated the known area by about 70-

80%. 

 The disjoint distributions produced a different pattern of results, with all 

four home range estimators tending to overestimate core areas and home 

ranges.  MCP produced fairly accurate results at sample sizes ≤50 but 

overestimated areas by 50-100% for samples >50.  Of the KDE estimators, 

LSCV performed relatively best, although it still overestimated home ranges by 

approximately 75-100% across all sample sizes.  REF and PI methods grossly 

overestimated core areas and home ranges for all sample sizes, in some cases 

by as much as 2 to 3 times the known area.  At best, these two methods 

produced home range estimates that were more than 100% too large. 

 For both perforated and linear distributions, MCP performed better than 

KDE methods, although it still tended to overestimate the total areas, especially 

at larger sample sizes.  All three KDE methods performed poorly for both of 

these types of distributions, overestimating core areas and home ranges by more 

than 100% in most instances.  LSCV performed relatively better than REF and PI 

for both linear and perforated distributions, although in both cases home ranges 

were overestimated by about 50% at samples of 100 points.  

 

 

Discussion and Conclusions 

Results of this chapter illustrate the effects of point pattern shape on home range 
estimates and demonstrate the importance of considering how well simulated 

animal locational data represent actual wildlife UDs when assessing home range 
estimators.  These results indicate that MCP performed better than KDE methods 

for all UD types that were investigated.  However, as noted in numerous other 
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Table 1.  Accuracy (mean percent deviation from true value ±  standard error) of 
four home range estimators (kernel density estimation [KDE] with bandwidths 

selected by least-squares cross validation [LSCV], KDE with reference 
bandwidths [REF], KDE using plug-in bandwidths [PI], and the minimum convex 
polygon [MCP]) used to compute the 50% contour of the utilization distribution 
(core area) for point pattern distributions of five shapes (n=60 per scenario). 

 

Shape N

concave 25 23.9 ± 12.5 32.0 ± 10.7 34.8 ± 19.3 -42.2 ± 5.7

concave 50 15.9 ± 9.1 26.7 ± 10.0 25.6 ± 14.4 -27.2 ± 5.2

concave 75 13.7 ± 8.6 28.4 ± 7.8 26.8 ± 14.6 -13.9 ± 6.8

concave 100 10.0 ± 8.1 24.9 ± 8.6 22.4 ± 12.6 -11.0 ± 6.6

convex 25 61.6 ± 16.2 66.3 ± 21.7 54.9 ± 19.8 -7.4 ± 15.0

convex 50 49.7 ± 13.5 53.6 ± 14.2 59.3 ± 19.7 -3.4 ± 11.7

convex 75 41.7 ± 12.0 46.7 ± 12.6 49.1 ± 16.0 -13.9 ± 25.4

convex 100 42.5 ± 12.3 59.0 ± 18.0 49.5 ± 17.3 13.8 ± 10.3

disjoint 25 50.3 ± 15.3 198.4 ± 40.6 123.6 ± 31.9 26.5 ± 19.0

disjoint 50 49.4 ± 14.9 166.6 ± 32.2 94.8 ± 26.9 35.0 ± 17.9

disjoint 75 63.8 ± 37.8 149.8 ± 27.2 84.5 ± 24.8 106.0 ± 20.0

disjoint 100 35.8 ± 12.4 143.5 ± 26.4 71.2 ± 20.0 104.9 ± 53.4

linear 25 86.3 ± 21.1 211.2 ± 38.3 167.8 ± 43.2 21.5 ± 22.1

linear 50 64.8 ± 13.5 189.4 ± 33.9 152.5 ± 38.1 46.4 ± 17.6

linear 75 63.2 ± 11.6 172.1 ± 28.5 134.1 ± 29.4 62.5 ± 19.0

linear 100 45.9 ± 9.4 164.6 ± 28.3 127.8 ± 30.4 67.0 ± 17.8

perforated 25 88.1 ± 34.2 111.4 ± 20.5 102.7 ± 24.8 -5.0 ± 8.4

perforated 50 43.8 ± 7.5 122.4 ± 35.2 85.9 ± 18.4 22.8 ± 9.7

perforated 75 34.8 ± 6.2 97.7 ± 16.4 78.6 ± 20.8 55.4 ± 23.2

perforated 100 31.2 ± 7.0 94.2 ± 15.3 75.4 ± 18.6 44.0 ± 10.0

MCPPILSCV REF
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Table 2.  Accuracy (mean percent deviation from true value ± standard error) of 
four home range estimators (kernel density estimation [KDE] with bandwidths 

selected by least-squares cross validation [LSCV], KDE with reference 
bandwidths [REF], KDE using plug-in bandwidths [PI], and the minimum convex 

polygon [MCP]) used to compute the 95% contour of the utilization distribution for 
point pattern distributions of five shapes (n=60 per scenario). 

 

Shape N

concave 25 66.9 ± 11.5 79.9 ± 10.0 71.6 ± 14.7 -43.6 ± 3.1

concave 50 52.9 ± 8.1 66.6 ± 8.4 60.2 ± 12.0 -28.2 ± 3.6

concave 75 38.3 ± 7.6 62.0 ± 7.8 32.8 ± 9.8 -19.7 ± 3.8

concave 100 41.2 ± 12.4 56.4 ± 7.3 46.2 ± 10.4 -17.3 ± 4.1

convex 25 123.9 ± 19.0 98.3 ± 14.7 102.4 ± 22.4 -20.8 ± 7.9

convex 50 94.3 ± 14.9 93.8 ± 14.7 100.4 ± 19.9 -12.6 ± 6.6

convex 75 79.0 ± 12.2 84.2 ± 13.5 87.8 ± 16.7 -6.9 ± 6.7

convex 100 72.8 ± 12.4 83.2 ± 14.1 81.4 ± 17.6 -0.4 ± 7.6

disjoint 25 115.7 ± 22.0 339.3 ± 63.9 193.4 ± 39.2 22.6 ± 13.6

disjoint 50 105.8 ± 21.2 290.8 ± 48.7 155.8 ± 32.4 34.7 ± 16.1

disjoint 75 86.1 ± 15.6 269.5 ± 43.2 143.2 ± 30.3 50.4 ± 16.3

disjoint 100 76.8 ± 16.9 265.2 ± 41.7 127.9 ± 26.5 114.3 ± 26.3

linear 25 105.7 ± 13.9 235.2 ± 27.3 182.6 ± 28.9 -7.9 ± 7.2

linear 50 82.3 ± 7.8 210.7 ± 26.8 161.4 ± 22.7 17.4 ± 9.2

linear 75 66.4 ± 6.6 191.7 ± 23.4 143.7 ± 19.1 26.9 ± 8.6

linear 100 51.7 ± 4.5 182.1 ± 20.5 131.4 ± 17.6 30.0 ± 8.4

perforated 25 114.7 ± 15.3 168.1 ± 32.2 150.3 ± 42.0 -15.7 ± 8.6

perforated 50 77.6 ± 12.7 149.7 ± 31.4 122.3 ± 33.6 27.7 ± 27.5

perforated 75 59.2 ± 7.7 135.4 ± 27.4 108.3 ± 35.5 9.6 ± 10.4

perforated 100 51.2 ± 9.5 125.7 ± 24.4 104.4 ± 28.7 13.5 ± 9.7

PILSCV REF MCP
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studies (e.g. Worton 1987, 1995), this analysis illustrates that MCP is an 

inconsistent home range estimator.  First, the direction of bias for MCP is 

sensitive to sample size; for most cases, MCP underestimates home ranges at 

small sample sizes and overestimates at larger samples.  Second, MCP is 

sensitive to the underlying shape of the point pattern, performing well for convex 

distributions but poorly for concave, disjoint, linear, and perforated patterns.  

Additionally, although not quantified here, it was observed that MCPs did not 

tend to overlap known UDs very well, so even if the area estimates reported 

seem reasonable, actual delineation of the core area or home range boundary 

may be incorrect.  This effect has been reported in numerous other studies (e.g. 

Worton 1987, 1995, Barg et al. 2005, Franzreb 2006, Righton and Mills 2006), so 

the MCP should be considered a poor home range estimator. 

 All three KDE methods produced poor estimates of core areas and home 

ranges in the simulations.  The estimates did improve with sample sizes, a trend 

commonly reported in home range studies (Fieberg 2007).  Even at larger 

sample sizes, however, KDE methods markedly overestimated core areas and 

home ranges for all UD types that were examined.  KDE estimators performed 

relatively better for concave distributions, which are similar to bivariate normal 

mixtures used in previous studies.  KDE produced more biased estimates for 

convex, disjoint, perforated, and linear distributions—which represent a wider 

variety of animal UDs than previously examined in the literature.  These results 

suggest that KDE is not robust to the underlying shape of point patterns and that 

the method produces poor home range estimates for most types of animal UDs. 

This indicates that KDE is not a satisfactory home range estimator. 

 Hemson et al. (2005) argued that KDE is not as accurate of a home range 

estimator as the literature suggests. The results of this chapter demonstrate that 

KDE produces home range estimates that are less accurate than suggested by 

other studies that simulated animal UDs using only bivariate normal mixtures.  

This casts doubt on the reliability of using KDE methods for home range 
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estimation, as they produce poor results for many shapes of animal UDs.  This 

observation also suggests that KDE may not be well suited for analyzing spatial 

point pattern data in general.  Determining why KDE is not robust to point pattern 

shape might explain why KDE has been shown to produce inaccurate home 

range estimates.  The next chapter reviews the assumptions of KDE in the 

context of spatial data in order to explore why KDE is not robust to the underlying 

shape of point patterns, as well as why KDE produces poor home range 

estimates. 
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CHAPTER 4 

 

SPATIAL DATA ISSUES FOR KERNEL DENSITY ESTIMATION 

 

 

Introduction 

Chapter 3 explored the effects of point pattern shape on home range estimates 

computed using kernel density estimation (KDE).  The results from that analysis 

demonstrate that KDE is not robust to the underlying shape of the point pattern it 

is used to characterize.  This observation casts doubt on the reliability of KDE as 

a home range estimator and also questions its utility for analyzing spatial point 

patterns in general.  Consequently, determining why KDE is apparently not 

robust to point pattern shape is important for identifying the situations in which 

KDE may be appropriately applied for analyzing spatial point patterns. 

 Geographic information science (GIScience) may offer perspectives for 

evaluating the performance of KDE for spatial data.  GIScience is largely 

concerned with the study of the nature and properties of geographic information 

and the associated  technologies, primarily geographic information systems 

(GIS), used for its analysis (Longley et al. 2005).  While GIScience encompasses 

a broad range of related topics, from cartography and geodesy to spatial 

cognition and societal impacts of GIS (Goodchild et al. 1999), a fundamental 

component of the discipline remains focused on understanding the nature of 

geographic data and developing appropriate methods for their analysis.  

Geographic data display different properties than aspatial data, which often make 

traditional forms of analysis—particularly statistical methods—difficult to apply 

because assumptions are often violated.  This chapter first reviews relevant 
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issues associated with the statistical analysis of spatial data, including (1) spatial 

autocorrelation, (2) stationarity, and (3) spatial representation.  Then, the 

application of KDE for spatial point pattern analysis is evaluated in terms of its 

underlying assumptions and those relevant spatial issues.  This assessment is 

used to explain why KDE is not robust to point pattern shape, as well as identify 

situations where KDE can be appropriately applied to spatial data.  Finally, use of 

KDE for wildlife home range estimation is critically examined in this context to 

determine if this application is valid. 

 

 

Spatial Data Issues 

Geographic data display different properties than aspatial data, which often 

complicate their analysis (Haining 2003).  The two most common issues with 

spatial data are: (1) the presence of spatial autocorrelation among adjacent 

sample locations, which violates assumptions of independence associated with 

many statistical tests, and (2) evidence that spatial relationships intrinsically vary 

over space, which counters assumptions of stationarity associated with global 

statistical measures (Fotheringham 1997).  Spatial representation is a third, 

although less frequently recognized, issue associated with the analysis of spatial 

data.  This section reviews each of these three issues in the general context of 

statistical analyses and then addresses their impacts on spatial point pattern 

analysis more specifically. 

 

 

Spatial Autocorrelation 

Waldo Tobler’s (1970) ‘First Law of Geography’ states that “everything is related 

to everything else, but near things are more related than distant things.”  This 

statement summarizes the observation that geographic data often exhibit spatial 

autocorrelation.  Spatial autocorrelation occurs when a variable displays a 
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systematic pattern of correlation with itself across space.  Positive spatial 

autocorrelation occurs when variables at nearby locations tend to have more 

similar values than those separated by larger distances.  Negative spatial 

autocorrelation occurs when variables at nearby locations tend to have more 

dissimilar values than those separated by larger distances.  Moran’s I (Moran 

1948),  Geary’s C (Geary 1954), and local indicators of spatial association 

(Anselin 1995) are common indices used to measure spatial autocorrelation in 

statistical data (Haining 2003).  The presence of spatial autocorrelation in 

datasets can be problematic, because it violates assumptions of independence of 

residuals that are associated with many statistical techniques, such as linear 

regression.  If spatial autocorrelation is present, then statistical methods must be 

adapted to account for its presence.  Several methods have been developed for 

this purpose and are reviewed by Anselin (1998), LeSage (1997), and 

Fotheringham et al. (2000). 

 For spatial point patterns, in particular, spatial autocorrelation occurs when 

point locations are associated with the presence of other points that are nearby 

(Ripley 1981, Diggle 1983, Fotheringham et al. 2000).  Positive spatial 

autocorrelation results in a clustered distribution of points, while negative spatial 

autocorrelation results in a dispersed pattern (Chou 1995).  Point patterns that 

display no spatial autocorrelation exhibit complete spatial randomness (Cox and 

Isham 1980, Moller and Waagepeterson 2004).  Levels of spatial autocorrelation 

or clustering in point patterns can be measured using point to point nearest-

neighbor statistics (Getis and Ord 1992), K-functions (Ripley 1976, 1981), and 

indices of dispersion (Clapham 1936, Perry and Mead 1979).  Spatial 

autocorrelation often does not pose the same problems with point pattern 

analysis as for statistical data more generally.  This is because, with many of the 

methods, it is the level of spatial autocorrelation that is of interest, and 

assumptions of a lack of spatial autocorrelation are typically absent otherwise. 
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Stationarity 

A statistical process is considered stationary if the probability density function of 

the variable of interest remains constant over time and space (Thorisson 2000).  

In other words, global parameters, including mean and variance, are constant.  

Many statistical techniques, such as linear regression, assume that the process 

generating the variable of interest is stationary.  Many geographical processes, 

however, are not stationary, as they often exhibit unsystematic variation over 

space (Fotheringham et al. 1996,2000; Brunsdon et al. 1998).  If this is the case, 

then statistical methods that assume stationarity will produce misleading results 

for these types of data.  A recent trend in GIScience and quantitative geography 

has been the development of statistical methods that relax assumptions of 

stationarity and instead develop methods that model local spatial variation 

(Fotheringham 1997).  A notable example of this is geographically weighted 

regression (Fotheringham et al. 2002). 

 Spatial point processes are considered stationary if their mean intensity 

and variance parameters remain invariant over space (Cox and Isham 1980, Karr 

1991, Moller and Waagepeterson 2004).  This means that the probability density 

function of a stationary point pattern can be reconstructed for every realization if 

the essential parameters are known (Karr 1991).  Stationary spatial point 

processes exhibit two other characteristic properties.  First, two events do not 

occur simultaneously at any location in space.  Secondly, a stationary process 

does not generate an infinite number of points over a fixed time interval (Ross 

1992)—in other words, the events are discrete.  Examples of stochastic spatial 

point process that exhibit stationarity include Poisson, Cox, and Markov point 

processes, among others (Moller and Waagepeterson 2004).  Some methods of 

point pattern analysis assume stationarity, while others do not.  
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Spatial Representation 

In GIScience, spatial representations, or geospatial measurement frameworks 

(GMFs), specify how topological space is defined in terms of: (1) the set of 

locations to be analysed, (2) spatial dimension, and (3) length and area metrics 

(Miller and Wentz 2003).  Sets of locations can be modelled as either discrete 

objects (vectors) or continuous fields (rasters) (Longley et al. 2005).  The spatial 

dimension of geographic problems is usually defined in terms of two dimensions, 

although use of three dimensions is not uncommon for particular types of 

problems.  Length and area metrics define how nearness and spatial proximity 

are measured.  Specific GMFs are defined on the basis of these three factors.  

Common GMFs utilized in GIScience include Euclidean, geodetic, weighted cost 

surface, and network representations. 

 The Euclidean model represents either discrete or continuous space as a 

(usually) two-dimensional flat surface where relationships between locations are 

measured according to rules of planar geometry. Consequently, spatial proximity 

between two entities is measured as the straight-line distance between them.  

This representation has long been the standard in mathematics and GIScience. 

Because many geographic phenomena exhibit more complex spatial 

relationships and can be misrepresented by this approach, several alternative 

spatial representations to the Euclidean model have been developed in 

GIScience for mapping, modelling, and analyzing geographic data. 

 The geodetic model is a spatial representation based on the shape and 

curvature of the Earth.  Here, spatial proximity is measured using great circle 

distances rather than planar straight-line distances.  This type of spatial 

representation is well suited for geographical analyses that cover broad spatial 

regions, such as mapping vegetation characteristics across the globe, where use 

of the Euclidean model distorts distance relationships between locations.  Models 



41 

of bird migration also commonly utilize geodetic rather than Euclidean 

representations (Alerstam et al. 2007). 

 For continuous spatial data, weighted cost surfaces are widely used to 

compute relative distances between locations (Longley et al. 2005).  Cost 

surfaces use a raster implementation, where each grid cell represents the 

weighted cost of travel through the cell.  Distances between two locations in the 

cost surface are then determined by computing the least cost path that connects 

them.  Cost surfaces are commonly used to model environmental data, 

particularly for conducting multi-criteria analyses (e.g. Aceves-Quesada et al. 

2006, Bello-Pineda et al. 2006, Elmahdi et al. 2006, Sarkar et al. 2007, 

Symeonakis et al. 2007).   

 Another popular representation is the network model, which represents 

spatial objects as nodes and the relationships between them as links or arcs 

(Daskin 1995, Longley et al. 2005).  Typically, the length of a link corresponds to 

a distance value, and the sum of all links along the shortest path that connects 

two nodes represents the network distance between them.  Links can similarly be 

associated with some measure of travel time or impedance.  Network models are 

most commonly applied in transportation studies (i.e. street networks), although 

they are also widely used to represent other human and physical systems (e.g. 

Ganio et al. 2005, Downs and Horner 2008).   

 Although not often recognized, most statistical techniques assume a two-

dimensional Euclidean spatial representation when used with geographic data.  

While this assumption is certainly reasonable for a number of situations, many 

geographical phenomena exhibit more complex spatial relationships and can be 

misrepresented by this approach (Miller and Wentz 2003).  Consequently, a 

recent trend in GIScience and quantitative geography has been to adapt 

statistical methods to other GMFs.  For example, Nakaya (2002) applied 

geographically weighted regression to analyse migration flows in Japan using 

geodetic distances.  Some statistical techniques have been adapted as a 
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function of network space, including Kriging (Wintermute et al. 2006) and K-

functions (Yamada and Thill 2004, Yamada and Thill 2007).  Additionally, 

Pomeroy et al. (2001) generated weighted cost surfaces where the measured 

distance was weighted based on the difficulty of moving across terrain when 

computing local spatial autocorrelation statistics. 

 

 

Evaluation of KDE  

The only recognized assumption of KDE is that the data points are independent 

and identically distributed (Silverman 1986).  For spatial point pattern analysis, 

this implies that the data points are discrete, independent events and that the 

process that generated them is stationary.  The independence assumption 

requires a representative sample of data points that are not serially 

autocorrelated.  Lack of spatial autocorrelation is not assumed (Silverman 1986, 

De Solla et al. 1999), as it is an inherent property of point patterns that display 

any heterogeneity (i.e. do not exhibit complete spatial randomness).  Spatial 

autocorrelation is only potentially problematic if it is a product of a nonstationary 

point process. 

 Although not currently recognized in the literature, KDE must also assume 

a Euclidean GMF when applied for the analysis of spatial point patterns.  This is 

because the kernel smoothes the data in the x and y directions using the scale on 

the respective axes.  Consequently, the distance between events is necessarily 

measured using a Euclidean distance metric. If the events themselves are 

related to one another in this manner (i.e. their spatial proximity equals the 

straight-line distance between them), then recognition of this spatial 

representation is perhaps inconsequential in practice.  However, if the relative or 

realized distance between two points in the plane is substantially more or less 

than the straight-line distance between them, then application of KDE using 

Euclidean-based metrics should theoretically produce misleading results.   
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 This line of reasoning suggests that it is only valid to apply KDE to spatial 

point patterns that: (1) consist of an independent, representative sample of 

discrete events, (2) are generated by a stationary process, and (3) are generated 

by a process that conforms to a Euclidean GMF.  These assumptions can explain 

why KDE is not robust to point pattern shape, as well as why it has been shown 

to perform poorly for home range estimation in practice (see Chapter 3).  First, 

KDE, particularly when applied for home range estimation, is often tested in the 

laboratory using simulated data from parametric statistical  distributions, such as 

bivariate normal mixtures (e.g. Boulanger and White 1990, Seaman and Powell 

1996, Seaman et al. 1999, Gitzen and Millspaugh 2003) or Poisson clusters 

(Millspaugh et al. 2004). These distributions are stationary point processes, 

which may explain why KDE performs relatively better for these distributions than 

for point patterns that conform to more complex shapes.  The convex, perforated, 

and linear patterns examined in Chapter 3 were generated by a nonstationary 

process, which may in part explain why KDE mischaracterizes their intensity.   

 In general, wildlife locational data, whether or not they conform to one of 

the more complex shapes examined in Chapter 3, might also be considered as a 

product of a nonstationary point process.  This is because stationary processes 

do not produce two events at a single location in space or generate an infinite 

number of points over a fixed time interval (Ross 1992).  Wildlife locational data 

exhibit both of these properties.  First, animals often repeatedly visit the same 

spatial locations over time, particularly if the location is a nest or den site.  

Second, the point data themselves are not discrete, independent events, but 

rather they are instances from an animal’s continuous movement trajectory 

through space, which means the animal’s utilization distribution is defined by an 

infinite number of point locations.  Consequently, use of KDE to estimate wildlife 

home ranges violates the method’s underlying assumption of stationarity. 

 Additionally, KDE’s poor performance for some types of point patterns, 

including wildlife locational data, can be explained by the underlying assumption 
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of a Euclidean GMF.  The spatial relationships between geographical entities can 

be more complex than the representation of the straight-line distance between 

them.  If a spatial point process does not operate in Euclidean space, then use of 

KDE to characterize its spatial intensity should be expected to produce 

misleading results.  This effect would be expected for point processes that are 

better represented using geodetic, weighted cost surface, network, or other 

GMFs. 

 Wildlife locational data, in particular, may not be well represented by a 

Euclidean model of space.  This is because animal movements are affected by 

the structure, composition, and arrangement of habitat in a landscape (e.g. 

McIntyre and Wiens 1999a, 1999b, Ricketts 2001, Goodwin and Fahrig 2002, 

Bender et al. 2003, Schtickzelle and Baguette 2003, Walker et al. 2003, Baguette 

and Van Dyck 2007, Nonaka and Holme 2007).  Animal movements can be 

impacted by the presence of barriers (Haddad 1999, Belisle and Clair 2002, 

Walker et al. 2003, McDonald and St Clair 2004b, Conradt and Roper 2006, 

Foster-McDonald et al. 2006, Ryan et al. 2006, Rico et al. 2007).  Some species 

preferentially travel through corridors (Beier and Noss 1998, Haddad 1999, Pe'er 

et al. 2005, Chetkiewicz et al. 2006, Lees and Peres 2008) or along habitat 

edges (Haynes and Cronin 2006, Stevens et al. 2006, Chapman et al. 2007, 

Barding and Nelson 2008).  As such, animal movements between distant 

locations do not necessarily conform to straight-line distances (Bender et al. 

2003, Graeter et al. 2008, Ovaskainen 2008).  Because KDE computes the 

distance between locations as straight-lines, use of this method to estimate 

wildlife home ranges may misrepresent the actual distance traveled between 

locations and therefore produce inaccurate results.  This suggests that use of 

KDE to analyze wildlife home ranges also violates the method’s underlying 

assumption of a Euclidean GMF. 
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Conclusions 

The review presented in this chapter suggests that use of KDE for analyzing 

wildlife home ranges violates several of the method’s underlying assumptions.  

First, animal locations are not discrete, independent events but rather instances 

of a continuous movement trajectory through space.  Secondly, animal locational 

data are generated by a nonstationary point process, while KDE assumes a 

stationary process.  Thirdly, animal movements are often non-Euclidean in 

nature, which violates the underlying assumption of a Euclidean GMF.  This 

evidence suggests that KDE is not an appropriate method of home range 

analysis. 

 Because animal point locations occur as a function of continuous 

movement trajectories through space, they in essence, form a network of travel 

paths and might be better represented by a network-based GMF.  For this 

reason, the potential to adapt KDE to network space is explored in the next 

chapter (5).  Such a technique might overcome the underlying assumptions of 

traditional KDE and could be extended to the analysis of wildlife home ranges; 

this potential is explored in Chapter 6. 
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CHAPTER 5 

 

NETWORK-BASED KERNEL DENSITY ESTIMATION FOR 

ANALYZING SPATIAL POINT PATTERNS 

 

 

Introduction 

Proper use of statistical methods and mathematical models for geographical 

analysis involves examining any inherent assumptions that might be violated for 

a given dataset or situation.  Because many statistical techniques, in particular, 

were developed for aspatial data, their direct application to geographic data is 

often fraught with difficulty.  The two most common complications with spatial 

data are: (1) the presence of spatial autocorrelation among adjacent sample 

locations, which violates assumptions of independence associated with many 

statistical tests, and (2) evidence that spatial relationships intrinsically vary over 

space, which counters assumptions of stationarity associated with global 

statistical measures (Fotheringham 1997).  One of the recent trends in 

quantitative geography is the development of statistical tools that specifically 

account for spatial autocorrelation or non-stationarity in datasets.  Notable 

examples include local indicators of spatial association (Getis and Ord 1992, 

Anselin 1995) and geographically weighted regression (Fotheringham et al. 

2002, Paez et al. 2002a, 2002b).   

 In addition to spatial autocorrelation and non-stationarity, spatial 

representation also impacts the results of geographical analyses.  Spatial 

representations, or geospatial measurement frameworks, specify how topological 

space is defined in terms of: (1) the set of locations to be analysed, which are 
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represented as discrete or continuous features, (2) spatial dimension, which is 

typically two, and (3) length and area metrics, which specify how nearness and 

spatial proximity are measured (Miller and Wentz 2003).  Although not often 

recognised, most statistical techniques assume a two-dimensional Euclidean 

spatial representation when used with geographical data.  This then implies that 

nearness is measured as the straight-line distance between two locations.  While 

this assumption is certainly reasonable for a number of situations, many 

geographic phenomena exhibit more complex spatial relationships and can be 

misrepresented by this approach (Miller and Wentz 2003). 

 Several alternative spatial representations are widely utilised in GIScience 

for analysing geographical data that do not conform to the Euclidean model of 

space, and some of these approaches have been incorporated into statistical 

analyses.  These are discussed in the previous chapter.  One popular 

representation is the network model, which represents spatial objects as nodes 

and the relationships between them as links or arcs.  Typically, the length of a 

link corresponds to a distance value, and the sum of all links along the shortest 

path that connects two nodes represents the network distance between them.  

Network models are most commonly applied in transportation studies (i.e. street 

networks), although they are also widely used to represent other human and 

physical systems (e.g. Ganio et al. 2005, Downs and Horner, 2008).  Some 

statistical techniques have been accordingly adapted as a function of network 

space, including Kriging (Wintermute 2006) and K-functions (Yamada and Thill 

2004, 2007). 

 One widely applied statistical technique for which issues of spatial 

representation have not been considered in either the geographical or statistical 

literature is kernel density estimation (KDE).  While originally developed as a 

method for smoothing univariate and bivariate attribute data for visualisation 

purposes, KDE is now commonly used to quantify the distribution and intensity of 

spatial point patterns (Cressie 1993, Fotheringham et al. 2000).  Example 
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applications include crime pattern analysis (Bailey and Gatrell 1995), wildlife 

home range estimation (Worton 1989), characterising plant distributions 

(Brunsdon 1995), disease mapping (Bastin et al. 2007), and visualising traffic 

accident patterns (Ramp et al. 2005), among others. Because the use of KDE to 

characterise spatial point patterns is so pervasive in the literature, an 

examination of the effects of spatial representation on the estimates is warranted.  

Additionally, several recent studies have shown that KDE mischaracterizes some 

types of spatial point patterns, particularly those that are linear in shape or that 

contain regions of empty space within their interior (Blundell et al. 2001, Getz and 

Wilmers 2004, Hemson et al. 2005, Row and Blouin-Demers 2006, Chapter 3).   

 This chapter first provides an overview of KDE, highlighting the spatial 

assumptions that are often overlooked in practice.  Then, network-based kernel 

density estimation is presented for analysing point patterns that are associated 

with linear features.  Both Euclidean- and network-based KDE are applied to 

wildlife-vehicle collision data—a linear point pattern clearly generated in network 

space—for illustration and comparison.  Finally, the implications of spatial 

representation for quantitative geography, particularly point pattern analysis, are 

discussed. 

 

 

Kernel Density Estimation 

 

Overview 

As discussed previously, KDE is a widely applied method of data smoothing in 

statistics (Silverman 1986; Wand 1995).  For univariate data, KDE is used to 

estimate the underlying probability distribution of a population from a set of 

sample data, or in other words, to create a smooth histogram.  For bivariate data, 

KDE is similarly used to generate a smoothed scatter plot, which is useful for 

visualizing any inherent structure in datasets (Figure 5).  KDE can similarly be 
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applied to multivariate data.  The only recognized assumption of KDE is that the 

data points are independent and identically distributed, although this is commonly 

relaxed in practice, so long as any spatial or temporal autocorrelation in the 

dataset is consistent and does not bias the results (Silverman 1986; De Solla et 

al. 1999). 

 

 

 

Figure 5. Kernel density estimation applied to a scatterplot of data points. 

 

 

 

 Smoothing, in whatever dimension, is achieved by applying a continuous 

weighting function, or kernel.  The bivariate kernel density estimate f at any point 

x from a set of evaluation  points in the plot (typically a regular grid) is computed 

as: 
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where n denotes the sample size which contains data points X1, X2,…, Xn, h is the 

smoothing parameter, and K(y) represents the kernel (Silverman 1986).  Any 

continuous, non-negative kernel that integrates to one can be used, such as the 

Gaussian function.  The amount of smoothing produced by the kernel is 

controlled by the smoothing parameter (bandwidth or search radius), which is 

specified by the user.  The smoothing parameter can be specified arbitrarily or by 

using optimisation approaches such as least-squares cross validation (Wand 

1995).  While density estimates are sensitive to bandwidth selection, the issue is 

not discussed here, as it is repeated in Chapter 2 and elsewhere (e.g. Blundell et 

al. 2001; Fieberg 2007; Gitzen et al. 2006; Horne et al. 2006; Wand 1995) and is 

not pertinent to the current discussion. 

 KDE also serves as a popular method for quantifying the intensity of 

spatial point patterns (Cressie 1993, Fotheringham et al. 2000).  For spatial point 

pattern analysis, the density surface is generated in the same manner as for 

aspatial data, with the x and y coordinates of the events substituted as attribute 

values into equation (1).  The resulting continuous surface then represents the 

spatial extent and intensity of the point pattern.  While this method of point 

pattern analysis has been widely practiced for more than two decades, the 

consequences of treating the point locations in the same manner as attributes 

has yet to be acknowledged or considered in either the statistical or geographical 

literature. 

 Treatment of spatial x and y coordinates as attribute data in KDE has one 

consequence that has been overlooked in practice: this implicitly assumes a 

Euclidean model of space.  This is because the kernel smoothes the data in the x 

and y directions using the scale on the respective axes.  The difference value, x – 
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Xi, is computed as the Euclidean distance, x – Xi, between the two points, using 

the formula: 

 

),( iXxd   = 22 )()(
ii

XxXx yyxx −+− ,    (2) 

 

where x and y are the respective planar coordinates of the points. If the data 

points themselves are related to one another in this manner (i.e. their spatial 

proximity equals the straight-line distance between them), then recognition of this 

spatial representation is perhaps inconsequential in practice.  However, if the 

relative distance between two points in the plane is substantially more or less 

than the straight-line distance between them, as is particularly likely in the case 

of events generated in close association with networks, then application of KDE 

using Euclidean-based metrics should theoretically produce misleading results. 

Traffic accidents are one example of a spatial point pattern that is clearly 

associated with a network (of roads) for which KDE is commonly applied to 

characterise their distributions (e.g. Ramp et al. 2006).  The next section 

discusses the use of KDE to analyse a particular type of traffic accident: wildlife-

vehicle collisions. 

 

Application of KDE to Wildlife-Vehicle Collisions 

Methods of spatial point pattern analysis are commonly used to analyze 

distributions of wildlife-vehicle collisions.  These types of traffic accidents often 

result in significant property damage, as well as cause mortality of both people 

and wildlife (Garrett and Conway 1999, Alexander and Waters 2000, Clevenger 

et al. 2003, Biggs et al. 2004, Malo et al. 2004, Jaeger et al. 2005, Seiler 2005, 

Jaarsma et al. 2006, Krisp and Durot 2007).  Collisions that involve deer and 

other large mammals, in particular, are a major safety concern in the United 

States and many other countries (Bashore et al. 1985, Iverson and Iverson 1999, 

Hubbard et al. 2000, Dussault et al. 2006, Dussault et al. 2007, Farrell and 
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Tappe 2007).  Understanding patterns of wildlife-vehicle collisions is important for 

developing strategies to reduce these types of incidents.  Preventative measures 

include posting warning signs (Krisp and Durot 2007), fencing affected areas 

(Jaeger and Fahrig 2004, Knapp 2005), and constructing crossings that permit 

wildlife to safely pass over or under an existing road (Clevenger and Waltho 

2000, Clevenger et al. 2001, McDonald and St Clair 2004a, Clevenger and 

Waltho 2005, Mata et al. 2005, Ascensao and Mira 2007).  KDE is a common 

method for identifying hot spots of wildlife-vehicle collisions and has been used to 

site potential locations for these types of preventative measures (Krisp and Durot 

2007). 

 Because wildlife-vehicle collisions are clearly associated with a network of 

roads, KDE may not be the most appropriate form of analysis, as it assumes a 

Euclidean model of space.  For illustration, KDE was applied to characterize a 

point pattern of 113 white-tailed deer (Odocoileus virginianus)-vehicle collisions 

that occurred in a portion of Penobscot County, Maine, USA, during 2004 

(Source: Maine Department of Transportation) (Figure 6).  KDE was applied to 

the point pattern using a Gaussian kernel with bandwidths of 1.6, 3.2, 4.8, and 

6.0 km to produce several surfaces for comparison.  The kernel density surfaces 

were calculated and mapped using functions in TransCAD GIS v. 4.7 (Caliper 

Corp.) and ArcGIS v. 9.1 (ESRI, Inc.).  The surfaces were examined to see how 

well they represented the distribution of wildlife-vehicle collisions.  If a resulting 

surface correctly characterized the point pattern, then the intensity contours 

would be expected to follow the pattern of the road network that was associated 

with the collision locations.  If this was not the case, then it was concluded that 

KDE mischaracterized the point pattern of accidents.  
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Figure 6. Location of study area in Penobscot County, Maine, USA. 
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Network-Based Kernel Density Estimation 

 

Overview 

In this section, network-based kernel density estimation (NKDE) is presented for 

characterising point patterns that are associated with networks.  NKDE is similar 

to the network density algorithm presented by Borruso (2005), which computes 

the density of nodes in a network using network distances.  However, that 

algorithm does not use a continuous distance weighting kernel (i.e. it counts the 

number of nodes within a specified search radius and is therefore not a form of 

KDE), the distinction is made between the two techniques.  Flahaut et al. (2003) 

also described a similar method for computing kernel density estimates along 

road segments, although the technique was only developed for use along single 

line segments and not for networks as a whole.  NKDE, as described here, 

expands on previous work by developing a density estimator that uses a 

continuous distance-weighting function that can be applied over networks.  

 The network-based kernel density estimate fw at any point x computed as: 
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which is the same notation as in equation (1).  Similar to KDE, any continuous, 

non-negative kernel that integrates to one can be used for NKDE.  However, in 

NKDE, the distances x – Xi are measured as network rather than Euclidean 

distances.  Network distances are calculated by first connecting each evaluation 

point x to the nearest node in the network and then computing the distance to 

each sample point via the shortest path on the network.  Shortest paths over 

networks can be computed easily in most GIS software packages, which employ 

algorithms such as Dijkstra’s or Floyd’s (Daskin 1995, Longley et al. 2005).  

Once a distance matrix of network shortest paths between evaluation and events 
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is generated, the density function fw can be computed using equation (3) by 

specifying an appropriate bandwidth and kernel.  Bandwidths for NKDE can be 

specified arbitrarily, or optimization procedures could also be developed similar 

to those for Euclidean-based KDE.  The resulting NKDE surface retains the same 

characteristics and interpretations as those for traditional KDE, except that it 

yields the spatial extent and intensity of the point pattern in network rather than 

Euclidean space.  

 

 

Application of NKDE to Wildlife-Vehicle Collisions 

For illustration, NKDE was applied to the deer-vehicle collision data for 

Penobscot County described in the previous section.  The same type of kernel 

and set of four bandwidths applied for KDE were also used for NKDE.  The 

NKDE surfaces were generated and mapped using functions in TransCAD GIS v. 

4.7 (Caliper Corp.) and ArcGIS v. 9.1 (ESRI, Inc.) using the same procedures as 

for KDE.  The resulting NKDE surfaces for each bandwidth were then compared 

directly to those generated using traditional KDE to evaluate the relative 

performance of each method. 

 

 

Results 

The Euclidean-based KDE intensity surfaces are shown in Figure 7.  While the 

intensity surfaces do appear to highlight areas with the highest concentration of 

deer-vehicle collisions, the underlying structure of the street network that 

generated the pattern is not evident.  Intensities should be expected to be 

highest on roads with multiple collisions, and the intensity contours should mimic 

the underlying structure of the street network, although this is not the case for 

any of the four surfaces.  Areas of high relative intensity are observed in roadless 

regions, which should not occur because few, if any, collisions occur off-network.  
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Additionally, the point of maximum intensity, which should be expected to lie 

directly on a road segment, moves further off network as the bandwidth 

increases.  This evidence suggests that Euclidean-based KDE mischaracterizes 

the point pattern of deer-vehicle collisions, and a network-based kernel density 

estimator may be more appropriate for describing its spatial distribution and 

intensity.   

 The intensity surfaces generated using NKDE are shown in Figure 8.  The 

NKDE surfaces differ substantially from the ones generated using Euclidean-

based KDE.  The inherent structure of the road network is evident from the 

intensity contours in the NKDE surfaces.  The network-based analysis produced 

the highest intensities along road segments and intersections near several 

accident locations, with intermediate levels corresponding to connecting roads or 

those with fewer accidents.  The point of maximum intensity, denoted in the 

figures by a white mark, was always located on a road segment.  Additionally, 

lower intensities were observed in roadless regions compared to the original KDE 

surfaces.  These results illustrate how NKDE provides a more realistic 

characterisation of deer-vehicle collision patterns than traditional, Euclidean-

based KDE, given that the accidents are known to be associated with the road 

network. 

 

 

Discussion 

The comparison of Euclidean- and network-based KDE of wildlife-vehicle 

collisions illustrates the importance of spatial representation to the analysis of 

spatial point patterns; if spatial data are generated by a network-related process, 

then use of Euclidean-based statistics can yield misleading results.  In the case 

of wildlife-vehicle collisions, NKDE based on a road network is a more 

appropriate option than Euclidean-based KDE, as accidents nearly always occur 

on roads and spatial proximity is better represented by network distances.  In 



57 

fact, Ramp et al. (2005) used a network K-function to measure the degree of 

clustering in patterns of wildlife-vehicle collisions, which also suggests a network-

based analysis should be preferred. 

 Comparison of the KDE and NKDE collision intensity surfaces also 

illustrates how the results might impact further analyses based on the estimates.  

As any hotspots in the intensity surface might be considered potential sites for 

warning signs, fencing, or wildlife crossings, the selection of those sites will be 

affected by the choice of spatial representation used to analyse the data.  If, for 

instance, a wildlife crossing was to be sited at the point of maximum intensity for 

a specified bandwidth, then different sites would be selected from the respective 

KDE and NKDE surfaces.  While the difference is minimal at the smallest 

bandwidth, the disparity becomes considerable as the bandwidth is increased.  If 

density estimation is to be used to analyse wildlife-vehicle collisions and develop 

strategies for preventing future accidents, then NKDE should be the preferred 

method.  These findings are consistent with other studies that have explored 

various effects of spatial representation on geographical analyses (e.g. Miller and 

Wentz 2003; Yamada and Thill 2004, 2007; Wintermute et al. 2006). 

 While the NKDE intensity surfaces better characterised the pattern of 

wildlife-vehicle collisions than their Euclidean-based counterparts, it should be 

noted that the NKDE surface also generated positive intensity values in areas off 

the road network.  This may not be reasonable if accidents only occur on the 

network, as might be expected.  In this case, the network could be treated as 

discrete rather than continuous space, with off-network regions receiving 

intensities of zero.  This can be achieved by excluding those areas from the 

analysis, or by assigning links between off-network evaluation points and the 

network itself arbitrarily large distances such that the resulting intensity values 

will be essentially nil.  In either case, the resulting surface would retain the same 

interpretations as the continuous surface, so long as the intensity contours are 

computed after the space has been modified (Silverman 1986).  Such an 
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a.  

intensity
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intensity
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Figure 7.  Kernel density estimation applied to deer-vehicle collision data using 
bandwidths of 1.6 (a), 3.2 (b), 4.8 (c), and 6.0 km (d).  The white octagon 

indicates the point of maximum intensity. 
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Figure 7.  continued. 
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a.  

intensity
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Figure 8.  Network-based kernel density estimation applied to deer-vehicle 
collision data using bandwidths of 1.6 (a), 3.2 (b), 4.8 (c), and 6.0 km (d).  The 

white octagon indicates the point of maximum intensity. 
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Figure 8. continued. 
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approach would be appropriate for analysing other point patterns that occur 

strictly in network space, such as other types of vehicle collisions or perhaps 

locations of fish or other organisms that occur only in streams, which can also be 

represented as networks.  In this example, the NKDE surface was not restricted 

to discrete network space, because viewing the continuous surface is useful in 

demonstrating the technique and visualising the shape of the contours. 

 Other types of point patterns may be more loosely associated with 

networks, and in those cases, a continuous NKDE intensity surface may be most 

appropriate.  For instance, events may tend to be located near a network, without 

necessarily occurring exactly on it, and the proximity between the events may be 

best represented by the network distance between them.  Possible examples of 

this scenario might include certain types of crimes related to a street network, 

disease incident locations with respect to some transmission pathway, and 

wildlife locational data associated with a network of travel paths.  In these and 

other cases, and it may not always be clear if NKDE is more appropriate than 

Euclidean-based KDE.  If this is the case, one can compare the average distance 

between events and the network with that computed for random points.  If the 

events are located significantly closer to the network than is expected by chance, 

then NKDE may produce more realistic results than Euclidean-based KDE.  This 

effect can be tested using generalised linear models or other statistical 

techniques (e.g. James and Stuart-Smith 2000). 

 While KDE has been widely applied to geographic data for more than two 

decades, this paper is the first to acknowledge its treatment of spatial location as 

an attribute, the consequence of which is the assumption of a Euclidean spatial 

representation.  Because many geographic phenomena are more accurately 

represented by network models, this can explain why KDE has been shown to 

perform poorly for spatial data (Blundell et al. 2001, Getz and Wilmers 2004, 

Hemson et al. 2005, Gitzen, et al. 2006, Row and Blouin-Demers 2006).  The 

research presented in this paper suggests that KDE should not be applied to 
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spatial data without thorough consideration of the types of spatial representation 

issues raised here.  For point patterns that are associated with networks, NKDE 

is suggested as an alternative method of analysis.  Additionally, because the 

network model is one of several possible spatial representations, further research 

might extend KDE to other models of topological space, such as weighted cost 

surfaces or quantum fields. 

 

 

Conclusions 

Spatial representation has emerged as a broad and important issue in the 

practice of quantitative geography and spatial statistics.  Similar to spatial 

autocorrelation and non-stationarity, spatial representation issues can 

significantly impact the results of geographic analyses. While often not 

recognised, statistical methods often treat spatial location as an attribute and 

assume a Euclidean representation of space.  For geographic data that are 

associated with networks, use of the Euclidean spatial representation when 

analysing data can yield misleading results.  While this chapter highlights the 

consequences of using inappropriate spatial representations in point pattern 

analysis, in particular with respect to kernel density estimation, the results are 

equally applicable to other statistical techniques; assumptions of spatial 

representation should always be considered before statistical methods are 

applied to geographic data. 
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CHAPTER 6 

 

AN ASSESSMENT OF EUCLIDEAN- AND NETWORK-BASED 

KERNEL DENSITY ESTIMATORS FOR HOME RANGE ANALYSIS 

 

 

Introduction 

During the past two decades, kernel density estimation (KDE), a statistical 

method of data smoothing (Silverman 1986, Scott 1992, Wand and Jones 1995), 

has been the preferred method of home range analysis (Kernohan et al. 2001).  

However, the appropriateness of KDE for this purpose has been recently 

debated (Borger et al. 2006), as several authors have shown that KDE produces 

poor home range estimates for some species and certain types of point 

distributions (Hemson et al. 2005, Row and Blouin-Demers 2006, Chapter 3).  

Additionally, recent work in the geographical literature has shown that KDE 

produces poor results for some types of spatial data, in general, because 

underlying statistical assumptions are often violated (Chapter 4).  The ecological 

literature has not provided a rigorous examination of the underlying assumptions 

of KDE in the context of home range estimation, and this may explain why its 

usage is still the subject of intense debate twenty years after the technique was 

first introduced by Worton (1987, 1989). 

 In the first part of this chapter, a critical review of KDE is provided in order 

to evaluate its statistical validity for home range estimation.  This chapter begins 

by illustrating how the technique is applied to animal locational data in practice.  

Then, recent literature that documents KDE’s performance as a home range 

estimator is briefly reviewed.  Next, the underlying statistical assumptions of KDE 

for analyzing spatial data are examined.  This review reveals that its use for 
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home range estimation violates two assumptions on which the technique is 

based: (1) the animal point locations are not discrete, independent events 

generated by a stationary process, and (2) the process by which animal point 

locations are generated in space is not Euclidean-based.  Then, this chapter 

discusses why the violation of the second assumption, in particular, explains why 

KDE has been shown to produce biased home range estimates. This discussion 

leads to the conclusion that it may be inappropriate to apply KDE for home range 

estimation. 

 In the second part of this chapter, a new method of density estimation—

network-based kernel density estimation (NKDE, Chapter 5)—that can be used 

for home range estimation is demonstrated. First, an overview of NKDE is 

provided, highlighting how the technique overcomes the issues with animal 

locational data outlined above.  Then, this chapter illustrates how NKDE can be 

applied for home range estimation using a geographic information system for 

transportation (GIS-T).  Then, an analysis of NKDE’s accuracy as a home range 

estimator using simulated data for five classes of point pattern shapes is 

provided.  The results are compared to those in Chapter 3 that used the same 

dataset.  Finally, the chapter concludes with a research agenda that outlines 

future work that is needed before NKDE can be widely applied as a home range 

estimator in practice. 

 

 

KDE for Home Range Analysis 

Bivariate KDE is commonly applied to spatial point pattern data, where a 

continuous density surface is used to represent the spatial intensity and extent of 

the underlying distribution of the population of events (Cressie 1993, 

Fotheringham et al. 2000).  KDE is applied to the sample point locations, using 

the x and y spatial coordinates as the data values to be smoothed.  For home 

range analysis, KDE is applied to datasets of animal point locations, and the 
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resulting distribution is termed the animal’s utilization distribution.  The home 

range is then delineated as the smallest area that contains 95% of the computed 

utilization distribution, with the core area defined similarly as 50% (Worton 1989, 

White and Garrott 1990).  In other words, the home range is the smallest spatial 

area in which the animal spends 95% of its time.  Sample results of bivariate 

LSCV-KDE used to delineate a home range boundary from sample points are 

shown in Figure 9. 

 

 

 

Figure 9. Kernel density estimation used to delineate the home range boundary 
from a set of sample points, using least squares cross-validation to select the 

bandwidth.  The known home range is shaded in gray. 
 

 

 

 

Performance of KDE for home range analysis 

KDE has been the preferred method of home range analysis during the last 20 

years (Kernohan et al. 2001).  Numerous of studies in the ecological literature 

have suggested that KDE performs satisfactorily for this purpose, or at least 

recommend its use (Worton 1987, 1989, White and Garrott 1990, Seaman and 

Powell 1996, Kernohan et al. 1998, De Solla et al. 1999, Seaman et al. 1999, 

Blundell et al. 2001, Kernohan et al. 2001, Gitzen and Millspaugh 2003, 
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Millspaugh et al. 2004, Barg et al. 2005, Fieberg and Kochanny 2005, Borger et 

al. 2006, Gitzen et al. 2006, Horne and Garton 2006).  However, Hemson et al. 

(2005) recently questioned KDE’s use as a home range estimator, as it produced 

inaccurate results when tested with data obtained using GPS-tracking collars.  

Similar results have been reported for fish (Topping et al. 2005) and herptofauna 

(Row and Blouin-Demers 2006).  Several studies have also noted that KDE 

overestimates home ranges of particular shapes, including those that have sharp 

edges (Getz and Wilmers 2004), are linear (Blundell et al. 2001), or contain large 

areas of unused space within their interiors (Getz and Wilmers 2004, Hemson et 

al. 2005, Row and Blouin-Demers 2006). Chapter 3 analyzed simulated animal 

locational data of five shape classes that represented a wider variety of home 

range types than previously reported in the literature.  Those results suggested 

that KDE produces more biased home range estimates than previously reported,  

with KDE overestimating home ranges on average by 40-300%, depending on 

sample size, point pattern shape, and bandwidth selection technique. 

 In most of those studies, the authors suggested that the particular 

algorithm used to select the optimal bandwidth—often least squares cross-

validation (LSCV) (Silverman 1986)—was performing unsatisfactorily and 

producing biased home range estimates.  Gitzen et al. (2006) and Horne and 

Garton (2006) explored alternative algorithms of bandwidth selection for home 

range analysis, including solve-the equation and plug-in techniques, and 

maximum likelihood cross-validation, respectively.  None of these methods 

consistently outperformed LSCV, however. Chapter 3, instead, suggested that 

KDE may not produce accurate home range estimates, regardless of the method 

used to select the bandwidth.  KDE has been shown to produce misleading 

results for some types of spatial data in general, because statistical assumptions 

are often violated (Chapters 4 and 5).  Because animal locational data are 

certainly spatial, and recent evidence is suggestive of its inadequacies, a critical 

review of KDE’s assumptions with respect to home range analysis is warranted. 
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Assumptions of KDE for home range analysis 

In general, the only assumption of KDE is that the data points are independent 

and identically distributed (Silverman 1986).  This means that the data points 

must be discrete, uncorrelated, and derived from a stationary point process, 

although this is often relaxed in practice, so long as the sample points are 

representative and do not bias the results (Silverman 1986, De Solla et al. 1999).  

Effects of temporal and spatial autocorrelation of animal locational data are well 

studied and should not bias home range estimates if proper sampling protocols 

are observed (Swihart and Slade 1997, De Solla et al. 1999, Girard et al. 2002, 

Katajisto and Moilanen 2006, Mills et al. 2006, Fieberg 2007).  However, animal 

locations of a single individual are, by definition, not discrete events—rather they 

are instances from a continuous movement trajectory through space.  While this 

may or not be problematic from a statistical independence point of view, it does 

cause a second, often overlooked assumption, to be violated. 

 KDE, when applied to spatial point pattern data, holds the assumption that 

the process that generated the points is Euclidean-based (Chapter 4).  This is 

because the kernel smoothes the data with respect to the coordinate axes, such 

that distances between them are measured as straight-lines.  In other words, 

nearness or spatial proximity are measured as a function of Euclidean space, 

and KDE produces misleading results for point patterns not generated by 

Euclidean-based processes.  This is particularly the case for point patterns that 

are generated in network spaces, such as wildlife-vehicle collisions on roads.  

Violation of this assumption explains why KDE can perform poorly for home 

range analysis. 

 Animal locational data are better described as a product of a network-

based process rather than a Euclidean one.  As previously mentioned, the points 

themselves are samples from movement trajectories, which in essence, form a 

network of travel paths through space.  In general, animal movements are 

affected by the structure, composition, and arrangement of habitat in a landscape 
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(e.g. Bender et al. 2003, Schtickzelle and Baguette 2003, Walker et al. 2003).  As 

such, animal movement trajectories are not strictly Euclidean in nature (Bender 

et al. 2003, Graeter et al. 2008, Ovaskainen 2008).  For example, movements 

can be impacted by barriers (e.g. Haddad 1999, Walker et al. 2003, Whittington 

et al. 2004, Ryan et al. 2006).  When a large barrier, such as a lake, is present, 

the relative distance between locations on opposite sides of the barrier may be 

much larger than the Euclidean distance between them (Figure 10).  If it is the 

case that the animal uses alternate paths around the barrier, then when using 

KDE to estimate its home range, the actual travel distance between the two 

locations will be underestimated.  As a result, the kernel would assign too large 

of an intensity to the area lying in the Euclidean space between the two locations, 

and the barrier itself would likely be incorporated into the home range and core 

area even though it was never occupied by the animal.  Similar affects would 

also occur when animals use nonlinear travel corridors or preferentially travel in 

or around certain features in a landscape, which is common for most animal 

species.     

 

 
 

Figure 10.  The Euclidean distance between two locations within an animal’s 
home range crosses a barrier. 
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 Because KDE assumes nearness is defined as the straight-line distance 

between points, use of the technique for home range analysis is in direct violation 

of its underlying spatial assumptions.  This helps to explain why KDE has been 

shown to chronically produce positively biased home range estimates, 

particularly for linear and perforated distributions that would unlikely to be 

generated by Euclidean-based processes.  This suggests that KDE, as it has 

been applied in practice, may often be an inappropriate home range estimator.  

The next section of this paper describes and evaluates a new home range 

estimator that overcomes the assumption of Euclidean-based space-use: 

network-based kernel density estimation, or NKDE. 

 

 

NKDE for Home Range Analysis 

NKDE is a method for characterizing point patterns generated by network-based 

processes and is described in detail in Chapter 5.  Because animal movements 

display characteristics of a network-based process, NKDE could be extended to 

home range analysis.  However, this extension is not necessarily straight 

forward, because the network would not generally be known in advance, as 

typically the only data available for home range analysis are individual point 

locations rather than exact paths.  Additionally, the network of travel paths used 

by an animal may be more loosely defined in practice than as in the case of 

using roads for analysing the density of traffic accidents.  A potential solution is to 

approximate the travel network by creating a Delaunay triangulation (DT) from 

the set of animal locations.  To form a DT, points are joined by segments to form 

triangles, such that the minimum angle in the triangulation is maximized (Figure 

11).  The DT can then be used as a network that approximates an animal’s 

movement trajectories from the set of sample points.  Travel paths between 

nearby points become represented as straight-lines, while pathways between 

more distant points become routed through points located between them.  This 
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creates network model of animal movement trajectories that is based on the 

assumptions that: (1) animal point locations are dependent on where the animal 

was previously located and (2) movements between two locations in space were 

most likely to have occurred using pathways on which the animal had previously 

been recorded.   

 The DT network need not produce an exact replication of the travel 

pathways used by an animal but rather generate a more realistic measure of the 

actual distance required to travel from one location to the next (Figure 11).  To 

compute home ranges in this manner, the DT is used as the specified network for 

computing distances between locations in the density plot, and the network-

based kernel density estimates are computed as described above.  Home ranges 

are then delineated in the same manner as for traditional, Euclidean-based KDE, 

using the 95% cumulative intensity contour of the density plot, respectively 

(Figure 12).    

 

 

 

 

Figure 11. Delaunay triangulation (DT) of a sample of animal point locations, 
showing the shortest path between two points along the DT network. 
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Figure 12. Network-based kernel density estimation used to delineate the home 
range boundary from a set of sample points, using biased cross-validation to 

select the bandwidth.  The known home range is shaded in gray. 
 

 

 

 

Methods 

NKDE was applied using DT network approximations to 300 point patterns of 

simulated animal locational data to evaluate its potential accuracy as a home 

range estimator, the same dataset used in Chapter 3 to evaluate Euclidean-

based KDE for the same purpose.  The dataset included 60 point distributions 

each for five shape classes that served as known home ranges: concave, convex 

(sharp-edged), disjoint, linear, and perforated.  These distributions were 

generated to represent a wider variety of animal home range types than bivariate 

normal mixtures that have been traditionally considered in home range studies 

that use simulated data (e.g. Seaman and Powell 1996, Seaman et al. 1999, 

Gitzen and Millspaugh 2003, Gitzen et al. 2006). 

 Three bandwidth selection methods were used to compute the network-

based kernel density estimates: Gaussian reference bandwidth (REF), biased 

cross-validation (BCV2), and unbiased cross-validation (UCV), sometimes 

referred to as least-squares cross-validation (Silverman 1986, Scott 1992, Sain 

et al. 1994).  The REF, or normal scale rule, bandwidth provides the optimal 
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bandwidth under the assumption that the sample data come from a normal 

distribution.  REF was computed according to Scott 1992 (see Chapter 2), except 

that network distances were substituted for Euclidean ones.   

 The BCV2 and UCV cross validation algorithms were coded in C++ 

according to Sain et al. (1994), but they were adapted by substituting network 

distances rather than Euclidean ones into the formulae (see Chapter 2).  The 

algorithms were cross-checked with Borland Pascal code for KDE-based home 

range estimation developed by Jarle Tufto and used in (Tufto et al. 1996).  Both 

the BCV2 and UCV bandwidth selection algorithms attempt to minimize the error 

between the estimated and true probability density by computing a cross-

validation score based on the sample data.  Optimal bandwidths are selected as 

those that produce a local minimum when the cross-validation scores are plotted 

for a range of bandwidth values.  The upper bound of this range is usually set 

using a scale rule that is known to produce an over-smoothing of the data (Scott 

1992).  The upper bound for this study was set using network-based REF, 

described above, for which initial simulations indicated significant over-

smoothing.  BCV2 is known to produce multiple local minima, so if any were 

detected, the one closest to that selected by the UCV algorithm was selected.  If 

the UCV algorithm did not converge (i.e. it could not find a local minimum within 

the specified range), the local minimum closest to the halfway point between the 

origin and the reference bandwidth was chosen. 

 NKDE home range estimates were computed using each bandwidth 

selector four times for each of the 300 point distributions, once each using 

random selections of 25, 50, 75, and 100 points, quantities similar to those used 

in typical radio-telemetry studies.  A GIS-T, TransCAD v. 4.7 (Caliper, Corp.), 

was used to generate the DT networks and compute shortest path distance 

matrices for each estimate.  Then, the custom C++ program was used to select 

the optimal bandwidths, apply NKDE, and compute the area of the home ranges 

and core areas.  Finally, NKDE values were exported back to the GIS-T to 
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visualise a sample of the results.  Following Chapter 3, NKDE home range and 

core area estimates were summarized by point pattern shape, sample size, and 

bandwidth selection algorithm.  The estimated core areas and home ranges were 

then compared to their corresponding known distributions by calculating the 

percent difference in total area, along with standard errors for each set of 

replications.  Finally, the results of this chapter were compared to the KDE-based 

home range estimates reported in Chapter 3. 

 

 

Results 

The results of the NKDE by DT home range analysis are summarized in Tables 3 

(core areas) and 4 (home ranges).  For all point pattern shapes and sample 

sizes, the REF bandwidth generated significant oversmoothing for both core 

areas and home ranges.  The overestimation was greatest for home range 

estimates at small sample sizes, particularly for disjoint patterns, where the level 

of positive bias reached almost 500%.  The average level of bias, across all 

simulations, was approximately 200%.  This indicates that the network-based 

REF bandwidth does not work well for home ranges, but justifies its use as an 

upper bound for cross-validation bandwidth selection algorithms. 

 For all combinations of sample size and point pattern shape, the BCV2 

algorithm was able to detect a local minimum cross-validation score to select an 

optimal bandwidth.  NKDE using bandwidths selected using the BCV2 algorithm 

produced accurate estimates of home range sizes from random samples of 75 

and 100 points for all five classes of point pattern shapes.  For samples of 25 and 

50 points, this method produced essentially unbiased estimates for concave and 

convex distributions and generated slight overestimates for disjoint, linear, and 

perforated distributions.  In the latter case, the overestimates were generally in 

the range of 10-20%.  For all combinations of sample size and point pattern 

shape, NKDE using BCV2 bandwidth selection consistently underestimated the  



76 

Table 3.  Accuracy (mean percent deviation from true value ±  standard error) of 
network-based kernel density estimation for home range estimation, with 

bandwidths selected by unbiased cross-validation [UCV], the normal reference 
rule [REF], and biased cross-validation [BCV2], used to compute the 50% 

contour of the utilization distribution (core area) for point pattern distributions of 
five shapes (n=60 per scenario). 

 

UCV BCV2

Shape N % conv. mean S.E. mean S.E. % conv. mean S.E.

concave 25 15.0 35.4 ± 2.6 43.2 ± 11.6 100.0 -40.5 ± 6.9

concave 50 73.3 -0.2 ± 8.8 38.5 ± 11.1 100.0 -28.6 ± 5.4

concave 75 100.0 -9.7 ± 7.2 39.4 ± 9.3 100.0 -30.4 ± 7.0

concave 100 100.0 -14.9 ± 6.8 37.3 ± 8.9 100.0 -34.5 ± 5.3

convex 25 40.0 21.7 ± 13.7 22.4 ± 12.1 100.0 -37.6 ± 8.5

convex 50 80.0 -12.5 ± 7.4 47.8 ± 28.6 100.0 -34.0 ± 5.7

convex 75 100.0 -19.8 ± 7.8 25.9 ± 7.3 100.0 -29.4 ± 6.6

convex 100 100.0 -30.1 ± 7.1 24.1 ± 6.7 100.0 -32.1 ± 7.4

disjoint 25 61.7 38.7 ± 10.4 190.9 ± 45.0 100.0 -34.6 ± 7.4

disjoint 50 98.3 3.4 ± 7.8 150.7 ± 36.6 100.0 -25.0 ± 5.8

disjoint 75 100.0 -14.9 ± 5.8 146.4 ± 27.0 100.0 -28.9 ± 5.4

disjoint 100 100.0 -19.0 ± 14.4 147.5 ± 29.4 100.0 -32.1 ± 6.1

linear 25 76.7 84.2 ± 29.2 187.3 ± 30.8 100.0 -15.6 ± 11.5

linear 50 96.7 11.1 ± 11.4 169.1 ± 32.6 100.0 -20.7 ± 9.7

linear 75 100.0 -11.0 ± 7.2 175.1 ± 28.4 100.0 -16.2 ± 15.9

linear 100 100.0 -29.6 ± 5.4 159.6 ± 26.1 100.0 -19.6 ± 9.3

perforated 25 65.0 51.7 ± 14.6 102.8 ± 18.5 100.0 -21.7 ± 8.2

perforated 50 100.0 28.0 ± 27.8 78.8 ± 14.0 100.0 -31.4 ± 5.2

perforated 75 100.0 -18.8 ± 5.6 90.2 ± 16.6 100.0 -29.5 ± 4.3

perforated 100 100.0 -32.4 ± 5.3 81.2 ± 13.9 100.0 -35.8 ± 5.7

REF
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Table 4.  Accuracy (mean percent deviation from true value ±  standard error) of 
network-based kernel density estimation for home range estimation, with 

bandwidths selected by unbiased cross-validation [UCV], the normal reference 
rule [REF], and biased cross-validation [BCV2], used to compute the 95% 

contour of the utilization distribution (home range) for point pattern distributions of 
five shapes (n=60 per scenario). 

 

UCV BCV2

Shape N mean S.E. mean S.E. % conv. mean S.E.

concave 25 14.4 ± 19.9 143.7 ± 15.2 15.0 -1.8 ± 8.4

concave 50 54.0 ± 8.2 115.5 ± 11.9 73.3 10.6 ± 5.9

concave 75 27.1 ± 5.6 112.6 ± 12.2 100.0 2.1 ± 6.4

concave 100 14.1 ± 5.2 96.4 ± 7.5 100.0 -2.3 ± 6.2

convex 25 81.2 ± 19.6 136.4 ± 25.9 40.0 3.1 ± 8.6

convex 50 28.7 ± 6.3 90.9 ± 12.7 80.0 -0.3 ± 6.6

convex 75 12.0 ± 5.5 85.0 ± 6.7 100.0 1.6 ± 5.2

convex 100 -1.9 ± 4.9 72.9 ± 4.9 100.0 -2.8 ± 7.1

disjoint 25 164.8 ± 23.6 488.8 ± 96.3 61.7 13.3 ± 10.8

disjoint 50 60.9 ± 9.7 266.2 ± 79.1 98.3 20.7 ± 8.0

disjoint 75 25.8 ± 7.2 370.9 ± 64.1 100.0 3.7 ± 6.3

disjoint 100 1.3 ± 6.2 366.5 ± 68.1 100.0 1.4 ± 7.6

linear 25 144.0 ± 27.9 318.8 ± 35.0 76.7 27.7 ± 20.0

linear 50 46.8 ± 10.9 283.4 ± 37.9 96.7 18.9 ± 21.6

linear 75 10.6 ± 6.9 269.3 ± 30.3 100.0 -2.4 ± 5.7

linear 100 -9.2 ± 5.3 252.1 ± 9.3 100.0 -3.6 ± 5.5

perforated 25 142.2 ± 22.9 236.9 ± 39.7 65.0 26.8 ± 10.4

perforated 50 55.9 ± 13.5 172.8 ± 32.0 100.0 10.9 ± 9.1

perforated 75 19.2 ± 6.7 181.2 ± 40.4 100.0 2.8 ± 5.4

perforated 100 -1.3 ± 4.9 160.3 ± 28.7 100.0 -4.6 ± 5.3

REF
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size of core areas, typically by about 20-30%.  These percentages appeared 

stable with sample size, although they were somewhat higher for concave and 

convex patterns than they were for disjoint, linear, and perforated distributions.   

 NKDE using bandwidths selected by UCV did not perform as well overall 

as BCV2.  The UCV algorithm converged on a local minimum cross-validation 

score consistently for samples of 75 and 100 points.  This method produced 

accurate home range estimates at sample sizes of 100 points and only slight 

overestimates at n = 75 for all five shapes of point distributions.  Similar to BCV2, 

UCV showed a tendency at those sample sizes to underestimate core areas by 

about 10-30%.  The underestimates were greatest for perforated and convex 

distributions.  However, the UCV algorithm did not converge consistently at 

smaller sample sizes, particularly for concave and convex distributions where it 

failed up to 85% of the time.  When the algorithm did converge, it consistently 

selected bandwidths that were too large. Consequently, it consistently 

overestimated home range and core area sizes at sample sizes of 25 and 50 

points. 

 

 

Discussion 

The results of this study show that NKDE using a DT network approximation 

performs well as a home range estimator, particularly when a biased cross-

validation algorithm is used to select the kernel bandwidth.  At larger sample 

sizes, this method produced accurate estimates of home range sizes.  Even 

when unbiased cross-validation was used to select the bandwidth, NKDE 

consistently out-performed Euclidean-based KDE for the same dataset, which is 

summarised in Chapter 3.  In that study, KDE at best overestimated home 

ranges by about 40%, and those were for concave distributions at larger sample 

sizes using UCV bandwidths, the bandwidth selection algorithm that produced 

the most accurate estimates in that study.  The KDE estimates for other point 
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pattern shapes were more biased, overestimating home ranges by 50-80% on 

average for n = 100.  Given this evidence, NKDE using DT performed much more 

accurately as a home range estimator than KDE.  This suggests that ecologists 

should consider NKDE as a possible replacement for Euclidean-based KDE as 

the preferred method of home range estimation. 

 While NKDE using DT performed much better than KDE in these 

simulations, there are some issues to consider before NKDE can be widely 

implemented for home range analysis in practice.  First, NKDE did produce 

accurate home range estimates at larger sample sizes, although it consistently 

underestimated core areas.  These core area estimates were more accurate than 

those reported for KDE, but they are still biased to a measurable degree.  This 

may be explained as a function of the DT used to approximate the underlying 

travel networks.  This study suggests that DT does well at approximating travel 

paths at the scale of the home range, but it appears to overestimate required 

travel distances at smaller scales.  If animal movement patterns are linear over 

relatively short distances within the home range, then use of the DT network 

approximation will overestimate these distances and generate smaller core area 

estimates.  The results of our simulations suggest this is the case and that this 

effect should be considered when NKDE using DT is applied as a home range 

estimator.  A potential solution to this problem might be to alter the DT network 

such that points located within some threshold distance from one another are 

connected by straight-lines in the network.  Then, the network structure would be 

preserved at the scale of the home range, while still allowing for Euclidean-based 

space use patterns at fine scales. 

 Additionally, the DT is one of many possible network approximations that 

could be used for NKDE-based home range analysis.  While the DT performed 

well in our simulations for all the point pattern shapes examined, it did produce 

slight overestimates for linear distributions at smaller sample sizes.  This 

indicates that the DT may be underestimating relative distances at the scale of 
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the home range, and that a more restricted network may produce improved 

results.  One possibility is the use of the minimum spanning tree (MST).  MSTs 

are formed as subset of a DT for a set of points, such that the MST is the 

shortest pathway that connects all points in the graph without resulting in any 

cycles (see Fortin and Dale 2005).  NKDE using MSTs should produce better 

home range estimates for linear point patterns, and future work should evaluate 

this option for species that inhabit corridors, coastlines, or other linear landscape 

features.   

 There is also the potential to modify the generated DT or other network 

approximations as experts see fit.  If there is some barrier that is known to inhibit 

animal movements, then any links that cross the barrier could be removed from 

the network, altering its shortest path structure and potentially generating more 

accurate home range estimates.  This technique may work particularly well for 

fish or other aquatic species confined to water bodies, for which traditional KDE 

often produces home range estimates that include large amounts of land 

(Topping et al. 2005).  Here, any links that cross the boundary of the water body 

could be removed from the network before NKDE is applied.  Similar approaches 

could be used for other types of physical barriers. 

 Further research should also explore precision of home ranges estimated 

by NKDE using DT.  Accuracy includes both bias and precision, and this initial 

study was mainly focused on estimating bias.  Home range estimates computed 

using this method are affected by the particular network generated from the 

sample points.  Accordingly, different networks will be created from different sets 

of sample points.  Future studies should explore the method’s precision by 

assessing its performance through repeated sampling of particular distributions 

to see how much the home range estimates change as different random samples 

of points are used to generate the DT network.   

 Additionally, we used a range of sample sizes that are common for studies 

that track animals with radio, or VHF, transmitters.  However, a recent trend in 
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wildlife ecology is to track animals using GPS or satellite transmitters, where 

larger samples of points are easier to obtain (Amstrup et al. 2004).  Before NKDE 

using DT is widely applied to much larger samples of animal locational data, the 

technique’s performance should be evaluated in the laboratory with simulated 

data of similar quantities. The home range estimates would be expected to 

improve with increases in sample size, up to a point and stabilise, but this should 

be verified in practice.  The simulations in this chapter suggest that 100 points 

may be sufficient to compute accurate estimates. 

 It also will be important to determine the effectiveness of NKDE using DT 

for animal home range estimation by testing it with data obtained in the field.  

Ideally, animal locational data should be collected at a very high temporal 

frequency over a continuous time period in order to correctly identify an animal’s 

known home range.  Then, home ranges can be estimated using points randomly 

sampled from the dataset, with the results compared to the known distribution.  

Animals may exhibit more complex patterns than the five classes of shapes used 

in this study, so in will be important to assess the accuracy of NKDE as a home 

range estimator with actual animal locational data. 

 This chapter assessed the accuracy of NKDE solely with respect to home 

range and core area sizes, although there are other methods, such as measuring 

the amount of spatial overlap between the estimated and known utilization 

distributions (e.g. Fieberg and Kochanny 2005).  At least as applied in this 

chapter, NKDE using DT requires numerous manual operations using a GIS-T to 

compute a home range estimate from a single sample of locational data.  The 

procedure used for exporting the NKDE results from the C++ compiler and 

importing them back into the GIS-T was also very inefficient and limited a more 

detailed analysis.  However, the estimated distributions that were examined 

matched the known home ranges quite well (e.g. Figure 12), and as the home 

range sizes were unbiased for larger samples of points, a reasonable fit to the 

known home range should be expected.  A more detailed examination of NKDE 
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using DT for home range analysis may require the development of specialised 

software to compute the estimates more efficiently.   

 

 

 Conclusions 

 The effectiveness of kernel density estimation for home range analysis 

has been the subject of recent debate among ecologists, because recent studies 

have shown that it performs less than satisfactorily when tested with field data 

and for particular types of point distributions.  This poor performance may be 

attributed to the fact that use of KDE for home range analysis violates underlying 

spatial assumptions of the statistical technique.  This suggests that KDE, as it 

has been applied, may not always be an appropriate home range estimator.  

Because animal movements are inherently a network-based process, network-

based kernel density estimation is suggested as an alternative method of home 

range estimation.  The results of our evaluation of NKDE using Delaunay 

triangulation as a home range estimator show that it produces much more 

accurate results than KDE for simulated data of several point pattern shapes.  

Future research in techniques of home range analysis should focus on further 

exploring and evaluating NKDE using DT. 
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CHAPTER 7 

 

SUMMARY AND CONCLUSIONS 

 

Overview 

Home ranges provide the most fundamental measure of animal space-use 

patterns used by ecologists.  Home ranges describe the spatial extent than an 

animal occupies and characterize the intensity of usage within that area.  Home 

ranges are calculated from sample points that record an individual’s spatial 

position over time.  Home range estimation, then, entails methods of spatial point 

pattern analysis that are described in quantitative geography.  Consequently, the 

assessment of home range estimators is as much a geographical question as an 

ecological one.  This dissertation evaluated methods of home range estimation 

from both of these perspectives with the intent to identify a technique that is 

satisfactory in both contexts. 

 First, Chapter 2 reviewed past and current methods of home range 

estimation, focusing kernel density estimation (KDE), a popular form of data 

smoothing.  KDE is currently the most widely applied and accepted method of 

home range estimation, although its appropriateness has been recently 

questioned in the ecological literature, because it performed poorly in some 

instances for particular home range shapes.  Chapter 3 then evaluated KDE’s 

performance as a home range estimator for point patterns of five shape classes, 

including concave, convex, linear, perforated, and disjoint ones.  Results from 

this work indicated that KDE is not robust to the underlying shape of point 

patterns, overestimating home range sizes by 40-300%, depending on home 

range shape, sample size, and smoothing parameter. 
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 Chapter 4 then examined KDE in the context of its underlying statistical 

and spatial assumptions in order to determine why it is apparently not robust to 

point pattern shape.  This critical review revealed that KDE implicitly assumes 

that the point locations used in the analysis are generated by a stationary, 

Euclidean-based process, a point not currently recognized in either the ecological 

or geographical literature.  As point locations for home range analysis are derived 

from an animal’s continuous movement trajectory through space, a non-

stationary, network-based process, application of KDE to home range analysis is 

in violation of the technique’s underlying assumptions.  This observation led to 

the conclusion that KDE is not an appropriate home range estimator. 

 Chapter 5 then developed a new method of density estimation that 

assumes network-based rather than Euclidean-based space usage: network-

based kernel density estimation (NKDE).  NKDE adapts traditional KDE to a 

network-based geospatial measurement framework.  NKDE was applied to 

wildlife-vehicle collision data for illustration.  Because animal locational data are 

generated by a network based process, Chapter 6 then extended NKDE to 

estimate wildlife home ranges.  First, travel networks were approximated from 

animal locational data using a graphical technique called Delaunay triangulation.  

Then, NKDE was applied to sample point locations using the approximated 

networks.  Finally, home range estimates were estimated from the resulting 

NKDE surfaces.  NKDE was applied to the same point pattern data of different 

shapes used to evaluate KDE in Chapter 3.  The results indicated that NKDE 

performs much more accurately as a home range estimator than traditional KDE, 

producing unbiased estimates of home range sizes for all point pattern shapes.  

Conclusions and recommendations for using NKDE for home range analysis 

were also provided.  
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Research Implications 

The results and conclusions from this dissertation just described have several 

implications for both the disciplines of ecology and geography.  First, from an 

ecological perspective, this dissertation contributes to the debate on appropriate 

methods of animal home range estimation.  This work evaluated the current most 

popular method of home range analysis, KDE, and demonstrated how violation of 

underlying spatial assumptions explain its poor performance when applied to 

animal locational data.  This finding should convince the ecological community 

that KDE is not an appropriate technique for home range estimation.  Secondly, 

NKDE using Delaunay triangulation was developed as a trajectory-based home 

range estimator.  When tested with simulated animal locational data, NKDE 

produced much more accurate home range estimates than traditional KDE.  

These results, then, suggest that NKDE should replace KDE as the preferred 

method of home range estimation.  NKDE has the potential to improve how 

ecologists quantify animal space-use patterns.  

 This dissertation also contributes to the geographical literature in two 

important  and related ways.  First, although NKDE was developed with the 

primary intent of finding an improved home range estimator, NKDE can be 

applied more generally as a form of spatial point pattern analysis.  NKDE was 

applied to wildlife-vehicle collision data in this dissertation for illustration, 

although the technique could be easily applied to other types of point patterns.  

Example situations where NKDE might be appropriate include: certain types of 

crimes related to a street network and disease incident locations with respect to 

some transmission pathway.  In addition to developing NKDE, this dissertation 

also highlights the importance of recognizing issues of spatial representation 

when analyzing geographical data.  A critical examination of KDE revealed that 

the technique implicitly assumes a Euclidean-based geospatial measurement 

framework, an assumption not currently recognized in the literature.  This 
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explains why KDE is not robust to point pattern shape and why it performs poorly 

for locational data derived from network-based processes.  This observation 

underlies the importance of considering issues of spatial representation when 

applying KDE to spatial point patterns.  This lesson can be extended to 

geographical analysis in general—issues of spatial representation should always 

be considered when conducting statistical analyses on geographical data. 
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