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ABSTRACT  16 

Context: The measurement of home range size and configuration has been a powerful and 17 

enduring method of quantifying animal-habitat relationships. Traditionally, home range 18 

estimators have been built using bivariate location data (e.g., x-y coordinates) which inherently 19 

assumes that animal movement is two-dimensional (2D). However, this is not representative of 20 

real-world systems. 21 

Objectives: Home range estimators that make these assumptions may underestimate animal 22 

home range size where 2D+ movement is probable. Our objective is to evaluate if landscape 23 

complexity impacts the accuracy of traditional home range estimators. 24 

Methods: We randomly sampled 50,000 animal home range extents at four different spatial 25 

scales (5, 10, 100, and 250 km2). We then quantified 2D and 2D+ home range estimates for each 26 

home range extent and quantified landscape complexity within.  27 

Results: When landscape complexity was low (i.e., global terrain ruggedness index [TRI] < 28 

5.23) 2D and 2D+ home ranges were not statistically (α < 0.05) different. However, when 29 

landscapes were complex (i.e., TRI ≥ 5.23), 2D home ranges significantly underestimated home 30 

range area (range 5% to 83.66%). Importantly, 18% of the world’s terrestrial surface exceeds 31 

TRI level of 5.23. 32 

Conclusions: We found that as landscape complexity increased, so did the percent difference 33 

between 2D and 2D+ home range estimates across all spatial scales. We recommend that 34 

landscape complexity should be considered when modeling animal home ranges. By doing so, 35 

quantitative biases may be mitigated. 36 

Keywords: spatial dimensionality, home range estimation, landscape complexity, topography, 37 

terrestrial wildlife  38 
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INTRODUCTION 39 

Rigorous research on animal movement and habitat use has been a cornerstone of 40 

ecological inquiry for over a century (Grinnell 1917; Elton 1927). Within this context, home 41 

range estimation has become a predominant tool for quantifying the spatio-temporal nature of 42 

animal-habitat relationships (Powell and Mitchell 2012). Home ranges depict the post-natal area 43 

that an animal uses to fulfill its life history requirements (Burt 1943). Integral to assessments of 44 

animal ecology, initial efforts to quantify home range size and configuration often included 45 

labor-intensive tracking of animals and the marking of resultant locations on paper maps 46 

(Hamilton 1937; Blair 1942; Haugen 1942; Adams and Davis 1967). By the mid-20th century 47 

however, telemetry technologies were being retrofitted to collect animal movement data 48 

remotely (Adams 1965; Sanderson 1966; Benson 2010). Technologies then advanced from Very 49 

High Frequency (VHF) to Global Positioning System (GPS) instruments that could capture 50 

animal-habitat relationships at increasingly fine scales (Tomkiewicz et al. 2010). Such 51 

technological developments led to concurrent growth in the quantitative tools used to estimate 52 

animal movement and estimate animal home ranges (Worton 1987; Kie et al. 2010). 53 

  Today, there is a diversity of home range estimators including minimum convex 54 

polygons (Schoener 1981), kernel density methods (Winkle 1975), Brownian-bridge movement 55 

models (Horne et al. 2007), and autocorrelated kernel density approaches (Fleming et al. 2015), 56 

among others. These techniques have, with time, been modified to account for various sources of 57 

bias including sample size variation (Seaman et al. 1999), bandwidth optimization (Jones et al. 58 

1996), fix rate (Kochanny et al. 2009), telemetry error (Montgomery et al. 2010), and temporal 59 

autocorrelation (Hansteen et al. 1997). Interestingly, landscape complexity is a source of 60 

potential bias that has yet to be widely addressed (Montgomery et al. 2020; Heit et al. 2021). 61 
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Presently, home range estimates tend to be predicted using bivariate location data (i.e. x-y 62 

coordinates; Boulanger and White 1990). This analytical tendency inherently presumes that 63 

animal movement occurs on a 2D, or flat, plane. In reality, most animals inhabit environments 64 

with differing levels of complexity in landscape structure, a fact which is evident across scales of 65 

animal-habitat relationships (Montgomery et al. 2020). 66 

There are four spatial domains, including aquatic, aerial, subterranean, and terrestrial, 67 

within which animal movement takes place (Montgomery et al. 2020). The mechanics of 68 

movement within these domains, whether that be swimming, flying, burrowing, or walking, 69 

depends, in part, on landscape complexity as represented by wind, currents, bathymetry, 70 

topography, or other physical barriers. When navigating these landscape complexities, animals 71 

use fractal dimensions that exceed 2D. These movements are thus referred to as 2D+ 72 

(Montgomery et al. 2020; Heit et al. 2021). Recent efforts in the aquatic and aerial spatial 73 

domains, have been made to incorporate such spatial dimensionality into home range estimation 74 

(May et al. 2008a; Nielsen et al. 2013; Cooper et al. 2015). Despite these advancements, 75 

landscape complexity has been largely overlooked in the terrestrial spatial domain with <1% of  76 

home range studies incorporating 2D+ movement into their calculations (Heit et al. 2021). 77 

However, the consequences of these analytical tendencies largely remain unclear.  78 

 We designed a global simulation study to quantify the difference between home range 79 

estimates built using traditional methods (i.e., 2D) to those that we designed to incorporate 2D+ 80 

animal movement. We hypothesized that 2D methods would underestimate home range size and 81 

that the differences between 2D and 2D+ estimators would become more pronounced as 82 

landscape complexity increased. Resolving this hypothesis would have important implications 83 

not only for ecological research but also for conservation and management philosophies 84 
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informed by animal home range estimates. We simulated home range extents at four spatial 85 

scales (5, 10, 100, and 250 km2), representative of terrestrial animals with varying body size and 86 

ranging requirements (Meserve 1977; Zalewski et al. 2004; Kochanny et al. 2009). Once 87 

simulated, we randomly selected 12,500 home range extents per spatial scale around the world 88 

for a total of 50,000 simulations. Within these home range extents, we quantified 2D area 89 

estimates, 2D+ area estimates, the percent difference between the two area estimates, and 90 

landscape complexity as a function of terrain ruggedness index (TRI). Lastly, we quantified the 91 

relationship of TRI and the percent difference between 2D and 2D+ area estimates and discuss 92 

the ramifications for prevailing depictions of animal ecology. We also explore the implications 93 

of our results for conservation and management actions built upon animal home range estimates.  94 

MATERIAL AND METHODS 95 

Digital Landscape Creation 96 

 To build our simulations, we first randomly selected 2,500 digital elevation models 97 

(DEM) from the National Aeronautics and Space Administration’s (NASA) Advanced 98 

Spaceborne Thermal Emission and Reflections radiometer (ASTER) database. The ASTER 99 

database geographically extends from 83° North to 83° South and consists of 22,912 raster tiles 100 

at a 30 m resolution, each representing a one-degree by one-degree area of the Earth’s terrestrial 101 

surface. Digital Elevation Model databases often contain latitudinal distortions where raster cells 102 

closer to the equator have a greater surface area than those nearer to the poles. Therefore, prior to 103 

further analyses, we implemented a bilinear interpolation algorithm to standardize the resolution 104 

of each raster to be 30 m so as to facilitate cross-tile comparisons.  105 
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 Once standardized, we calculated four derivative layers for each of the rasters. The first 106 

layer we created was a raster depicting the 2D surface area. Next, we created a 2D+ surface area 107 

raster by implementing Jenness’ tessellation algorithm on the DEM tile (Jenness 2004). This 108 

algorithm estimates the 2D+ surface area of each cell by drawing a line from the centroid of the 109 

cell to the centroid of its eight neighboring cells, thus forming eight distinct triangles. Using a 110 

modified Pythagorean formula, we calculated the sum of the areas of the triangles which 111 

ultimately depict a cell’s surface area when accounting for elevational differences between it and 112 

surrounding cells. We then quantified the percent difference in surface area between the 2D and 113 

2D+ raster layers. Finally, we modeled landscape complexity as a function of the terrain 114 

ruggedness index (TRI) algorithm using the raster package in R (Riley et al. 1999; Hijmans 115 

2020) to quantify the implications of landscape complexity around the world. Once all four 116 

layers were calculated, we compiled each into raster stacks for further analysis.  117 

Home Range Simulation 118 

 Next, we simulated animal home range extents for each raster stack and at four spatial 119 

scales (5, 10, 100, or 250km²) representative of terrestrial animals with varying body size and 120 

ranging requirements by implementing a fishnet-based sampling approach (Meserve 1977; 121 

Zalewski et al. 2004; Kochanny et al. 2009). This methodology consists of resampling rasters to 122 

a user-defined resolution and applying a specified aggregation strategy to calculate the resulting 123 

cell values. Using this technique, we resampled the rasters for the home range extents at the 5, 124 

10, 100, or 250km² levels. We then randomly sampled five home ranges from each size category 125 

around the world and iterated this process for each of the raster stacks. Due to the sampling 126 

efficiency of raster stacks, each extent contained the home range’s metadata information and its 127 

respective values from each of the four derivative raster layers contained within the stack. Once 128 
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all home range estimates were sampled, we eliminated those that were randomly positioned over 129 

bodies of water or those where the landscape complexity was unrealistic for animal occupation 130 

(i.e., TRI values > 25). We note here that TRI calculations are resolution dependent. Thus, the 131 

precise TRI values that we report are specific to a 30 m resolution DEM and will be different at 132 

varying resolutions.  133 

 Lastly, we quantified the relationship between TRI and the percent difference between 134 

2D and 2D+ home range estimates. We modeled this relationship using a generalized additive 135 

model (GAM) in the R programming language (R Core Team 2020). With this model, we 136 

identified the average levels of TRI needed to exceed our threshold of statistical significance (α < 137 

0.05). Once we identified this threshold, we calculated global levels of TRI at spatial resolutions 138 

of 5, 10, 100, and 250km². With these calculations, we then quantified the proportions of the 139 

Earth’s terrestrial surface that were within or exceeded the threshold of statistical significance 140 

(i.e., α < 0.05).  141 

RESULTS  142 

 We simulated 12,500 home range extents per spatial scale (5, 10, 100, or 250km²) for a 143 

total of 50,000 simulations. Once we eliminated extents that did not meet our criteria (i.e., 144 

overlapping with water bodies or in TRI extremes), we had a total of 39,513 home range extents 145 

with a mean of 9,878 samples per size category. The 2D home range estimates were, on average, 146 

2.80% (SD = 0.57) smaller than the 2D+ estimates across all spatial scales (Table 1). This 2.80% 147 

differential was detected when the home range estimates had an average TRI of 3.72 (SD = 0.03) 148 

across spatial scales. 149 

 The difference between 2D and 2D+ home ranges was positively related to TRI (Fig. 1). 150 

The average percent difference in the non-significant estimates was 1.1% (SD = 1.05). 151 
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Accordingly, these home range estimates had an average TRI value of 2.57 (SD = 1.28). The 152 

remaining 16% (n = 6,223) of home range estimates, which experienced significant changes in 153 

surface area, had an average percent difference of 12.3% (SD = 6.3) with an average TRI value 154 

of 9.88 (SD = 2.93). Amongst these simulations, underestimation ranged from 5% to 83.66%. 155 

Overall, a mean TRI value of 5.32 was the threshold for a significant difference between the 2D 156 

and 2D+ home range estimates. Using the 5.32 TRI threshold level, we found that approximately 157 

18% (e.g., 18.13% at 5 km², 18.04% at 10 km², 17.97% at 100 km², and 17.9% at 250 km²; Table 158 

2) of the earth’s surface had enough landscape complexity to yield a statistically significant 159 

difference between 2D and 2D+ home range estimates (Fig. 2).  160 

DISCUSSION  161 

For three-quarters of a century, home range estimators have been a fundamental tool to 162 

quantify the nature of animal-habitat relationships (Johnson 1980; Gompper et al. 2016). 163 

Researchers have made considerable efforts to account for various sources of imprecision and 164 

bias both in the collection and representation of animal locational data (Worton 1987; Kie et al. 165 

2010; Heit et al. 2021). Our study demonstrates that landscape complexity continues to be an 166 

important source of bias in terrestrial home range estimation. We found that when landscape 167 

complexity is relatively high (i.e., TRI > 5.23 at a 30 m resolution), traditional techniques 168 

underestimate home range size. More importantly, we found this relationship to scale across 169 

animal body size and ranging requirements, at least for home ranges between 5 km2 and 250 170 

km2. We also found that the amount of bias varied according to the degree of landscape 171 

complexity within the home range extent. For instance, home range estimates built from 172 

traditional techniques (i.e., 2D) were not statistically different from 2D+ estimators at low levels 173 

of landscape complexity (i.e., TRI < 5.23 at a 30 m resolution). However, statistical differences 174 
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were evident beyond that level and differentials were as high as ~83% in highly complex 175 

landscapes. This demonstrates that in many parts of the world and for many species of animal, 176 

traditional estimators do not accurately quantify home rang size (Fig. 2). We recommend that 177 

researchers studying animals inhabiting complex landscapes should consider 2D+ estimation to 178 

accurately quantify home range patterns. Furthermore, while home range estimation methods 179 

will continue to be updated with time, we contend that a key part of this technological 180 

progression must include landscape complexity. 181 

Animals move about their landscapes navigating various tradeoff decisions according to 182 

prevailing biotic and abiotic conditions (Sappington et al. 2007; Zhang et al. 2014; Kropil et al. 183 

2015; Mckinney et al. 2016). For many species, landscape complexity plays a vital role in these 184 

animal-habitat relationships. Animals may use complex landscapes for refugia, to acquire food, 185 

mitigate climatic shifts, or ease intra-specific stressors, amongst others (Sappington et al. 2007; 186 

Tracey et al. 2014; Farhadinia et al. 2019). Given the importance of these animal-habitat 187 

relationships for survival and reproduction, the accuracy of the methods used to quantify these 188 

relationships is, necessarily, high. There is good reason to believe that new ecological insights 189 

will become possible via the incorporation of landscape complexity. For example, Farhadinia et 190 

al. (2019) found that home range overlap of Persian leopards (Panthera pardus saxicolor) could 191 

be explained by vertical partitioning amongst resident individuals. Furthermore, Farhadinia et al. 192 

(2019) noted that due to high amounts of landscape complexity, home range estimates increased 193 

by up to 38% when landscape complexity was incorporated into their calculations. Zhang et al. 194 

(2014) observed that giant pandas (Ailuropoda melanoleuca) exhibited seasonal home range 195 

shifts along an elevation gradient in mitigation of food shortages. These examples illustrate that 196 
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incorporating landscape complexity into animal-habitat relationships studies allowed for greater 197 

insight to the spatial dynamics and resource use of study animals.  198 

The accuracy of home range estimators is not only important for quantitative or applied 199 

ecology, but is also crucial for conservation management decisions that are based on this science 200 

(Husseman et al. 2003; Sappington et al. 2007; May et al. 2008b). With the dramatic loss of 201 

biodiversity occurring around the globe, conservation efforts require the best available science to 202 

inform decision making (Ripple et al. 2016). For example, the International Union for the 203 

Conservation of Nature (IUCN) regularly conducts risk assessments for species around the 204 

globe. These assessments consist of evaluating the viability and vulnerability of species based on 205 

the IUCN’s established criteria. Amongst these criteria, the extent of occurrence and area of 206 

occupancy of a species is necessary to classify their status (IUCN Standards and Petitions 207 

Committee 2019). These criteria can be informed by a number of data types, but home range 208 

estimates are one of the most widely used. As demonstrated by our study, 2D estimators are 209 

prone to underestimate the size of a home range in complex landscapes. At risk here is that 210 

technological assumptions and analytical bias preventing the incorporation of 2D+ methods may 211 

not provide an accurate depiction of the ranging requirements of species of conservation or 212 

management concern. Thus, we contend that the consideration of landscape complexity is vital to 213 

the appropriate conservation and management of terrestrial animals.   214 

 The impacts of landscape complexity were evident in our study across scales. Analytical 215 

barriers prevented us from examining animal ranging patterns < 5 km2, but we expect these 216 

comparable patterns would be detected at smaller scales. Traditional DEM datasets are often 217 

limited to spatial resolutions that are too coarse (e.g., ASTER data) for species with smaller body 218 

sizes. Researchers can justifiably use DEM data at a 30m² resolution to account for landscape 219 
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complexity for larger species. However, this same data cannot be used to account for the impacts 220 

of landscape complexity on smaller species. That being said, advancements in telemetry 221 

technology have made it possible to create monitoring devices as light as 1 gram. Considering 222 

the guidelines of monitoring devices not exceeding 3-5% of an animal’s body weight (Kenward 223 

2000), scientists are able to monitor species that are as small as 20 grams. House mice (Mus 224 

musculus domesticus), for instance, have been documented to have an average home range of 225 

300m² (Mikesic and Drickamer 1992). When testing the impact of landscape complexity, the 226 

central design challenge will be acquiring data at a fine enough resolution. Though certain 227 

technologies, such as Light Detection and Ranging (LiDAR), are making sub-meter remote 228 

sensing data available, increasingly precise tools will be needed to examine the impact of 229 

landscape complexity for species with smaller home ranging requirements. We believe that at 230 

these scales future research will further support our findings and possibly identify novel 231 

relationships between these smaller species and their complex landscapes. 232 

We have demonstrated the importance of landscape complexity for terrestrial home range 233 

estimation. We showed that landscape complexity has a significant impact on the measurement 234 

of animal home ranges across 18% of the earth’s terrestrial surface where vast numbers of 235 

animal species are supported. Importantly, the relationship between landscape complexity and 236 

animal movement is not limited to home ranging behaviors. We must begin to consider how 237 

landscape complexity plays a role in habitat use, resource selection, and animal movement (Heit 238 

et al. 2021). By doing so, we can further understand the impact of landscape complexity on 239 

animal energetics, inter- and intra-species interactions, and population distributions, amongst 240 

others. The incorporation of landscape complexity within existing modeling frameworks will 241 

enable researchers to better understand the ecological conditions that correlate with animal 242 
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movement and ranging requirements. In turn, these new ecological insights can then inform 243 

progressive management and conservation practices.  244 
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Table 1. Summary of the average percent difference and global terrain ruggedness index (TRI) 379 

values for the simulated home range estimates at varying spatial scales indicative of animals with 380 

different body sizes and ranging requirements. 381 

Spatial Scale 

(km²) 

Number of 

Samples 

Mean Percent 

Difference 

Percent 

Difference SD 
Mean TRI TRI SD 

5 km² 9,880 2.76 4.82 3.72 3.19 

10 km² 9,849 2.73 4.63 3.68 3.10 

100 km² 9,891 2.85 4.82 3.74 3.15 

250 km² 9,893 2.84 4.68 3.73 3.10 
 382 

Table 2. Percent distribution of global terrain ruggedness index (TRI) values at varying spatial 383 

scales indicative of animals with different body sizes and ranging requirements.  384 

Spatial Scale 

(km²) 

Non-Significant 

(TRI:0-5.23) 

Low 

(TRI:5.23-10) 

Medium 

(TRI:10-15) 

High 

(TRI:15-20) 

Extreme 

(TRI:20+) 

5 81.87% 11.73% 4.30% 1.24% 0.87% 

10  81.96% 11.86% 4.25% 1.17% 0.76% 

100  82.03% 11.93% 4.20% 1.13% 0.71% 

250 82.10% 11.99% 4.16% 1.09% 0.66% 
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FIGURES LEGEND 386 

Figure 1. The quantitative impacts of landscape complexity on traditional (i.e., 2D) home range 387 

estimators. These results demonstrate that as landscape complexity increases (as measured by 388 

global terrain ruggedness index – TRI), the percent difference between 2D and 2D+ home range 389 

estimates expands.  390 

Figure 2. Global map of landscapes that contain enough complexity to significantly impact the 391 

accuracy of home range estimates. An estimated 18% of the earth’s terrestrial landscapes contain 392 

enough complexity to statistically bias traditional home range estimates, which are represented in 393 

the purple gradient.  394 
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Figure 1 396 
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Figure 2 398 
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