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ABSTRACT

Home ranges provide a conceptual and quantitative representation of animal-habitat
associations over time. Methods to estimate home ranges have swiftly progressed by
dynamically accounting for various sources of bias. Across that period of growth, one potentially
influential source of bias has yet to be robustly scrutinized. Animals inhabiting the terrestrial
spatial domain make movement decisions in environments with variable landscape complexity.
Despite that reality, home range estimation methods tend to be informed by two-dimensional
(2D) data (i.e., X and Y coordinates) which analytically presume that these landscapes are flat.
This analytical tendency potentially misrepresents the configuration and size of animal home
range estimates. To examine the prevalence of this bias, we reviewed literature of terrestrial
animal home range estimation published between 2000 and 2019. We recorded the proportion of
studies that; i) recognized and ii) incorporated landscape complexity. Over 22.0% (n = 271) of
the 1,203 studies recognized the importance of landscape complexity for animal movement.
Interestingly, just 0.7% (n = 8) incorporated landscape complexity into the home range
estimation. We infer then that landscape complexity represents an important source of bias
resulting in the underestimation of terrestrial animal home range size. Given the influence of
landscape complexity on terrestrial animal decision-making, energetics, and fitness our analysis
highlights an important gap in current home range methodologies. We discuss the implications of
our analysis for biased understandings of terrestrial animal spatial ecology with subsequent

impacts on management and conservation practices built upon these estimates.
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INTRODUCTION

Home ranges are a fundamental concept by which animal-habitat relationships are
quantified. At the most basic level, animal home ranges represent the post-natal area where an
animal satisfies its life history requirements (Burt 1943). Herein, wildlife make decisions to
position their home ranges within a broad matrix, informed by landscape characteristics and
memory-dependent kinetics (Kie et al. 2005, Gautestad and Mysterud 2006). Though home
ranges have historically been estimated using a variety of input data (Montgomery and Roloff
2013), they are most often quantified using animal telemetry (Laver and Kelly 2008, Cagnacci et
al. 2010). Since the application of telemetry to ecological research in the mid-20" century, the
technology has experienced rapid development and refined resoluteness (Laver and Kelly 2008,
Kie et al. 2010, Benson 2010). Coupled with these technological advancements has been
tremendous quantitative growth in home range estimation techniques (Kernohan et al. 2001,
Cagnacci et al. 2010). Novel approaches have accounted for variable sample sizes (Seaman et al.
1999), bandwidth optimizer (Gitzen et al. 2006), temporal autocorrelation (Fleming et al. 2015),
and locational error (Montgomery et al. 2010, 2011). While these factors have been widely
referenced in the home range literature, another source of bias represented by spatial
dimensionality has yet to be widely scrutinized (Montgomery et al. 2020).

Here, we use the term spatial dimensionality to describe the physical space available for
animal movement across all four spatial domains (i.e., aerial, aquatic, subterranean, and
terrestrial; Montgomery et al., 2020). This space is comprised of the first, second, and third

dimensions, as well as the fractal dimensions in-between. Animals in these domains have
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differing ranges of movement resulting from their morphological capabilities (e.g., those that are
bound to terra firma). Flying, swimming, and burrowing behavior can theoretically occur in any
direction at a given time, while walking in the terrestrial domain will always be bound to some
landscape surface (e.g. ground and adjacent vegetation). Consequently, spatial dimensionality in
the terrestrial domain tends to consist of topographic or structural complexity (e.g., vegetation,
downed timber, and anthropogenic features). Nevertheless, these features present dynamic
habitat conditions that often accompany wide-ranging benefits and challenges to animal
movement and behavior.

When considering the subsequent analysis of animal movement data in terrestrial
landscapes, these sources of complexity in spatial dimensionality can be collectively described as
landscape complexity. Terrestrial landscapes, with their undulating topographic surfaces, have
features that rise and drop beyond a 2D horizontal plane (Fig. 1). However, full 3D movement is
not possible given that terrestrial wildlife are bound to earth via gravity. Thus, terrestrial animal
movement is defined by the shape and structure of the landscape surface, which is neither a 2D
flat plane nor a 3D volume, but rather is 2D+ (Fig. 1; Montgomery et al., 2020). Furthermore, the
extent of these 2D+ movements is scale-dependent, varying as a function of animal-habitat
interactions (Meager et al. 2011, Bell et al. 2012). Whereas a mountain or boulder may be a
barrier to a large-bodied animal, a fallen log or mound of gravel may be equally restrictive to a
smaller animal (Stone et al. 1997, Ousterhout and Burkhart 2017, Montgomery et al. 2020).
Thus, animals with comparatively smaller body sizes are impeded in their movement by
structures and terrain that in no way impede larger animals (Badgley 2010, Bell et al. 2012). The

scale of spatial dimensionality, and by extension the grain size of the data used to measure
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spatial dimensionality, will determine the amount of landscape complexity that is considered
(Mandelbrot 1983, Milne 1997, Jenness 2004).

Thus, there is good reason to believe that spatial dimensionality importantly affects
animal movement. Efforts have been made previously to account for spatial dimensionality in the
estimation of animal home ranges in the aerial and aquatic spatial domains where 2D+
movement is, perhaps, more obvious (Vivancos et al. 2017, Ferrarini et al. 2018). However, the
extent to which comparable developments have occurred among terrestrial home range
estimation is not as clear. What is also missing is an appreciation for the consequences of failing
to consider landscape complexity in terrestrial animal home range estimation. We hypothesized
that in the terrestrial domain, landscape complexity has not yet been widely incorporated into
home range estimation. To evaluate this hypothesis, we conducted a review of contemporary
home range literature. We discuss the results of our analysis for bias in spatial ecological
modelling and the management and conservation policies that have been informed by home
range estimates.

METHODS

We examined peer-reviewed literature exploring animal home range estimation in the
terrestrial domain. We conducted this review (completed on December 31%, 2019) using the Web
of Science Core Collection and structured our search terms as follows: (“wildlife” OR “animal’)
AND (“home range” OR “utilization distribution” OR “kernel density estimat*”” OR “minimum
convex polygon” OR “local convex hull”). We used these terms to search within the title,
abstract, and/or keywords of all studies published from 2000 to 2019. This starting point for our
review corresponded with the launch of the National Aeronautics and Space Administration

(NASA) Shuttle Radar Topography Mission (SRTM) that produced the first publicly-available



117  global digital elevation models (GDEMs; (Rabus et al. 2003). Given that GDEMs are one of the
118  most widely-used tools to analyze landscape complexity, this temporal extent aligns with the
119  feasibility of incorporating these data into home range estimation (Kamp et al. 2003, Jenness
120  2004).

121 Upon examination of all studies, we excluded those that: i) featured research subjects in
122  the aerial, aquatic, or subterranean (expressly those capable of burrowing) spatial domains, ii)
123 used home range estimates from another primary source, or iii) focused on conceptual rather than
124  applied aspects of home range estimation. Among the resultant literature, we assessed the home
125  range estimators used and recorded the various sources of bias that were accounted for including:
126 i) bandwidth optimizer (in studies using kernel density estimators), ii) sample size, iii) locational
127  error, iv) temporal autocorrelation, and v) spatial dimensionality. With respect to landscape

128  complexity, we documented instances in which the importance of this concept was

129  acknowledged in the study (i.e., landscape complexity was ‘recognized’) and when it was

130  mechanistically incorporated into the home range estimation methods (i.e., ‘incorporated’). For
131  example, studies that recognized landscape complexity would be those that commented on

132  topographic or structural movement barriers, used a GDEM for graphical representation, or

133  modeled elevation or slope as a regression covariate. Studies that incorporated landscape

134  complexity would be those that fit home range estimation models that accounted for the fractal
135 nature of the landscape. Finally, we examined temporal patterns in both the recognition and

136  incorporation of landscape complexity in terrestrial animal home range estimates.

137 RESULTS

138 Our literature review returned 3,219 peer-reviewed studies published between 2000 and

139  2019. Among this literature, there were 2,016 studies that did not meet our criteria for retention.
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In total, 18 different home range estimators were used across these studies (Table 1, Fig. 2).
Kernel density estimation (KDE, 54.6%, n = 657) and minimum convex polygons (MCP, 51.1%,
n = 614) were the most common estimators (Table 1). These estimators were often used
concurrently and were both used far more often than the next-most-common estimators, the
proportions of which ranged from 0.1% and 4.7% of studies (Table 1). We also observed that
KDE and MCP have increased in use substantially over time, while the same trends were not
experienced for other estimators. A smaller temporal increase was observed for Brownian-
bridge movement models, local convex hulls, and autocorrelated KDEs (Fig. 2).

Of the 1,203 home range studies that we retained for analysis, 34.3% (n = 413) incorporated
sample size, 21.4% (n = 257) incorporated locational error, and 24.9% (n = 300) incorporated
temporal autocorrelation (Table 2). Of the 657 KDE studies, 58.8% (n = 386) specified a
bandwidth optimizer. In comparison, just 0.7% (n = 8) of the studies incorporated landscape
complexity into home range estimation while 22.5% (n = 271) recognized the importance of this
complexity (Table 2). We also observed that while the recognition of landscape complexity and
other biases experienced regular increase in prevalence over time, the incorporation of landscape
complexity remained consistently low (Fig. 3). Among the eight studies that incorporated
landscape complexity in terrestrial home range estimation, the most common method was to
extract estimates of surface area from a rasterized GDEM (Table 3).

DISCUSSION

Home ranges have been an essential tool for the study of animal spatial ecology for over
75 years. As a result, numerous inferences about animal ecology are built upon estimates of
home range location, size, and configuration. For instance, animal home ranges are used to
depict inter and intra-specific interactions (Dillon and Kelly 2008, Deuel et al. 2017), to estimate

population density (Trewhella et al. 1988), to evaluate scales of resource selection (Anderson et
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al. 2005, Hooten et al. 2013), and as a metric of reproductive success (Mcloughlin et al. 2007),
among many others. Thus, the reliability of these measures is dependent on the accuracy of home
range estimation. While other sources of bias have been rigorously accounted for in home range
estimation, we found that <1% of the studies in our review made efforts to incorporate landscape
complexity. This demonstrates that nearly all terrestrial animal home range studies analytically
assumed that the surfaces over which animal subjects moved were flat. The comparatively low
rates of incorporating spatial dimensionality were evident even though 22.5% (n = 271) of the
studies formally recognized the importance of landscape complexity. The lack of incorporation
of landscape complexity in home range estimation likely represents a considerable source of bias
represented by the difference between 2D and 2D+ animal movement.

The severity of this bias undoubtedly depends upon the terrestrial animal and the study
area in which that species is studied. Landscape complexity is scale-dependent (Montgomery et
al. 2020), but differences between 2D and 2D+ movements are expected to be higher in
landscapes with higher complexity (e.g. mountainous habitat). Accordingly, among the finite
number of studies that have incorporated landscape complexity, 2D home ranges have been
found to underestimate home range size by factors ranging from <1% to 38% (Stone et al. 1997,
Campbell et al. 2004, Greenberg and McClintock 2008, Walter et al. 2013, Monterroso et al.
2013, Farhadinia et al. 2019). Of these studies, the higher percentages have been associated with
species residing in mountainous habitats (Monterroso et al. 2013, Farhadinia et al. 2019).
Mountainous regions across the globe are important refugia for animal biodiversity, and
increasingly so due to ongoing global climate change processes (Hoorn et al. 2018). As the
climate warms, the species most dependent on very specific climatic and ecological regimes have

little choice but to adapt, or to climb. Higher elevations sometimes offer the only suitable habitat
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conditions for threatened and endangered species (Maleki Najafabadi et al. 2010, Forrest et al.
2012). Metrics for measuring conservation risk are built, in part, with home range estimates. The
International Union for the Conservation of Species (IUCN) uses home range as one of the
metrics in determining species extinction risk (IUCN (International Union for Conservation of
Nature) 2012). Such decisions are heavily dependent on the data on hand, and inherent to the
scarcity of endangered species is the scarcity of such high-quality data (Game et al. 2013).
Underestimates nearing 40% clearly represent a significant source of bias that could substantially
alter our understanding of animal spatial ecology and subsequently jeopardize the legitimacy of
management and conservation practices for these species.

Above and beyond home range sizes, there are several additional conceptual
consequences of ignoring landscape complexity. Inferences such as population density and
carrying capacity often use 2D measures of separation distance and home range overlap (Stanner
and Mendelssohn 1987, Downs et al. 2008). Home ranges are also used as a metric for
reproductive and translocation success, with the establishment of a sufficiently sized home range
(Fisher and Lara 1999, Mcloughlin et al. 2007, Thalmann et al. 2016). These methods overlook
potential vertical stratification of animal movement patterns by ignoring vertical relief structures
(Davies and Asner 2014, Farhadinia et al. 2019). Areas with broad vertical relief structures could
potentially accommodate more individuals by both providing more area for research
procurement and by limiting antagonistic inter and intra-specific interaction (Downs et al. 2008,
Farhadinia et al. 2019). Similarly, 2D+ landscape features can act as physical barriers to
movement beyond solely increasing area. An underlying factor in each of these inferences is that
animals may use vertical complexity to avoid inter- and intra-species interactions and use

complex landscapes in ways that obscure their true spatial extent from 2D observation. Thus,
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spatial analyses that are based upon 2D data have the potential to set up problematic ecological
axioms, by presuming accuracy in home range estimation.

Of the studies identified in this review, it is difficult to interpret which study areas present
sufficient landscape complexity to present a significant bias. Intuitively, there are areas on the
planet, such as areas with flat topography and low land cover heterogeneity, where the impact of
landscape complexity may be negligible. Some studies, like Monterosso et al. (2013), have
sought to establish a clear threshold for what level of topographic variation significantly impacts
home range estimation. However, as previously stated landscape complexity can come from any
landscape complexity, not just topography. Currently, the decision of whether and how to
address landscape complexity remains largely at the researcher's discretion. We found that most
studies that incorporated landscape complexity, did so by obtaining 2D+ surface area from a
GDEM. Importantly however, the relationships that can be elucidated between home range size
and landscape complexity can be highly impacted by data resolution. While an area may appear
to be relatively flat when using a GDEM with a 30-meter resolution, it can predictably increase
in complexity when the data are obtained at finer resolution (Wiens 1989). Applications of Light
Detection and Ranging (LiDAR) technology is a promising advancement in the study of
landscape complexity, with purported resolutions accurate to 10 centimeters (Heidemann 2012).
The authors are not aware of existing empirical investigations into whether LiDAR data could
account for the fine-scale landscape complexity relevant to incredibly small animals like small
rodents and insects. Inference into their relationship with landscape complexity may be beyond
the current capabilities of contemporary mapping technologies. This does not mean that 2D+
home ranges are unavailable to studies of smaller-bodied animals. One study we identified in this

review estimated the 2D+ home range of pond-breeding salamanders (Ousterhout and Burkhart
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2017). These salamanders are bound to existing subterranean tunnels, making their movement a
unique hybrid between terrestrial and subterranean. Their small body size makes widely
available GDEMs inadequate for estimating a 2D+ home range, so the authors used a 3D kernel
volume. Such methods highlight the fact that landscape complexity has implications for animals
regardless of scale (see Montgomery et al. 2020).

While only eight studies in our review incorporated landscape complexity, the
predominant method used to do so can be readily replicated across species and study sites. For
example, computationally-efficient methods to calculate surface area exist in popular
geographical and statistical software like ArcGIS and R (Kamp et al. 2003, Rabus et al. 2003,
Jenness 2004, Pebesma and Bivand 2005). Such methods add functionality to existing estimators
and do not require entirely different methods or a great amount of computing power (see
Farhadinia et al. 2019). Thus, incorporating landscape complexity into home range estimation
can be accomplished with relative ease, so long as the scale of available GDEMs is relevant to
the study species in question. With time and further inquiry, more methods can and should be
developed to account for landscape complexity at increasingly smaller scales, and across all
spatial domains.

Home ranges are a powerful tool for quantifying animal spatial ecology. We found that
the implementation of home range estimation in literature presently overlooks the landscape
characteristics that shape animal ranging patterns by considering home ranges only in 2D. The
lack of mechanistic incorporation of landscape complexity can lead to the inaccuracy of spatial
analyses that utilize home ranges. Thus, we recommend that landscape complexity be
approached with a comparable level of rigor to that afforded to other sources of bias in home

range estimation including sample size, bandwidth optimizer, temporal autocorrelation, and
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locational error. Further research needs to be conducted to determine where, when and with what
method landscape complexity could best be accounted for. Landscape complexity should be
considered a fundamental component of home ranges, not just for the sake of scientific

methodology, but for the sake of animal spatial ecology and conservation across the globe.
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413 TABLES

414  Table 1. The home range estimators used in studies obtained via a review of terrestrial home
415  range literature published between 2000 and 2019. Proportions (given in percentages) are of the
416  studies retained for analysis (n = 1,203). Proportion of studies that used identified kernel

417  bandwidth optimizers were only taken out of the number of studies that used kernel density

418  estimation as their home range estimator.

Home Range Estimators # Studies %o of Total
Studies in initial search 3,219 -
Studies retained for analysis (Total) 1,203 -

Home range estimator used

Kernel Density Estimation (KDE) 657 54.6

Specified bandwidth optimizer 386 58.8
Minimum Convex Polygon (MCP) 614 51.1
KDE and MCP concurrently 247 20.5
Brownian-Bridge Movement 56 4.65
Local Convex Hull 52 4.32
Harmonic Mean 24 1.99
Manual/Analog 13 1.08
Unknown/Unnamed 13 1.08
Autocorrelated KDE 11 0.91
Movement KDE 10 0.83
Bivariate Normal Ellipse 6 0.49
K Cluster 4 0.33
Biased Random Bridge 3 0.24
Characteristic Hull Polygon 2 0.16
Continuous-Time Movement Model 1 0.08
Individual-based Ectotherm Movement 1 0.08
Concave Polygon 1 0.08
Bound Strip 1 0.08
Nearest-neighbor VVoronoi Distribution 1 0.08
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Table 2. Sources of bias addressed in studies obtained via a review of terrestrial home range
literature published between 2000 and 2019. Proportions (given in percentages) are of the studies
retained for analysis (n = 1,203). Studies that addressed landscape complexity were divided into

two groups, those that recognized, in writing, the impact of landscape complexity and those that

incorporated it directly into their methods.

Sources of Bias # Studies % of Total
Studies in initial search 3,219 -
Studies retained for analysis (Total) 1,203 -
Biases Recognized and Incorporated

Recognized Landscape Complexity 271 22.5
Incorporated Landscape Complexity 8 0.67
Inc. Sample Size 413 34.3
Inc. Temporal Autocorrelation 300 24.9
Inc. Telemetry Error 257 21.3
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Table 3. Analysis of methods used and biases accounted for in home range studies obtained via
review of terrestrial home range literature published between 2000 and 2019. Of studies retained
for analysis (n = 1,203), studies in the table were determined to have properly incorporated
spatial dimensionality in their methods (n = 11). The biases evaluated were: telemetry error,
kernel bandwidth optimizer, temporal autocorrelation, and sample size. Methods to account for
2D+ animal movement and landscape features were: calculating surface area from a global
digital elevation model (GDEM surf. area), and in one case the authors used a 3D kernel volume.
Home range estimators used were kernel density estimation (KDE), minimum convex polygon

(MCP), autocorrelated KDE (AKDE), movement KDE (MKDE).

Title

Authors Year 2D+ Method Estimator

The spatial patterns of Alpine chamois (Rupicapra rupicapra rupicapra) and their influence on
population dynamics in the Swiss National Park
Boschi & Nievergelt 2003 GDEM surf. area KDE

Topographic home ranges of white-tailed deer in the central
Appalachians
Campbell et al. 2004 GDEM surf. area KDE

Vertical relief facilitates spatial segregation of a high density large
carnivore population
Farhadinia et al. 2019 GDEM surf. area AKDE

Remember the third dimension: terrain modeling improves
estimates of snake home range size

Greenberg & McClintock 2008 GDEM surf. area MCP
Estimating home-range size: when to include a third dimension?
Monterroso et al. 2013 GDEM surf. area MCP

Moving beyond the plane: measuring 3D home ranges of juvenile salamanders
with passive integrated transponder (PIT) tags
Ousterhout & Burkhart 2017 3D kernel volume KDE

From steps to home range formation: species-specific movement
upscaling among sympatric ungulates
Tablado et al. 2016 GDEM surf. area MCP

Movement-based estimation and visualization of space use in 3D for
wildlife ecology and conservation
Tracey et al. 2014 GDEM surf. area MKDE
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FIGURE CAPTIONS

Figure 1. Home ranges are typically informed by two-dimensional (i.e., X and Y coordinates)
input data where the resultant estimate is typically a flat polygon (panel a). This
conceptualization inherently assumes that landscapes are flat, when that is rarely the case in
nature (panel b). Terrestrial animals traverse landscapes with varying amounts of landscape
complexity (panel c). Therefore, terrestrial home ranges would be more accurately depicted as
surfaces that incorporate this landscape complexity into a 2D+ home range estimate (panel d).

Such home ranges would have comparatively higher surface areas than those estimated in 2D.

Figure 2. The 10 most common home range estimators used per year in studies retained for
analysis (n = 1,203) in a review of terrestrial home range literature published between the 2000
and 2019. Estimators include: kernel density estimation (KDE), minimum convex polygon
(MCP), Brownian-bridge Movement Model (BBMM), autocorrelated KDE (AKDE), movement
KDE (MKDE), local convex hull (LOCOH), harmonic mean (HARMONIC), k-cluster

(KCLUSTER), analog/manual (MANUAL).

Figure 3. Sources of bias addressed per year in studies retained for analysis (n = 1,203) ina
review of terrestrial home range literature published between the 2000 and 2019. Trends in this
figure from studies relating to landscape complexity are of those that incorporated it directly into

their methods (Inc), and those that recognized its importance (Rec).



