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Abstract 
Context  Topographic ruggedness has been exam-
ined in thousands of ecological studies and is a 
popular variable for characterizing habitat selection. 
Despite widespread adoption, ruggedness metrics are 
often applied uncritically and require systematic and 
thorough testing using both artificial landscapes and 
real-world applications.
Objectives  In this paper we introduce a technique 
that removes the correlation of topographic rugged-
ness with curvature in order to more accurately repre-
sent fine-scale surface ruggedness.
Methods  We test our modified version of several 
ruggedness metrics against traditional ruggedness 
metrics using three ideal ruggedness criteria in arti-
ficial landscapes. We further tested our modified rug-
gedness measures using 449 real mountain ranges in 
Nevada, USA. Using desert bighorn sheep as a case 
study, we tested both modified and uncorrected rug-
gedness measures and slope in a multiscale context in 

order to examine habitat selection by female bighorn 
sheep.
Results  The modified versions of the metrics passed 
all three criteria of the ideal ruggedness test and was 
able to accurately capture surface ruggedness. Modi-
fied versions of ruggedness differed from uncorrected 
versions by containing fewer highly rugged cells 
along ridgelines and drainages. Habitat relationships 
of desert bighorn sheep with ruggedness were scale-
dependent, such that female sheep selected for steep 
slopes at fine spatial scales and ruggedness at moder-
ate spatial scales.
Conclusions  We demonstrate that there are three 
components to ruggedness: elevation variation, aspect 
diversity, and surface ruggedness representing first, 
second, and third generation ruggedness indices. Our 
technique for removing underlying topographic vari-
ation provides an improved mapping of surface rug-
gedness and augments the other two generations of 
ruggedness metrics.

Keywords  Ruggedness · Topography · Roughness · 
Gradient · Bighorn sheep · Habitat selection

Introduction

Spatial heterogeneity is central to the field of land-
scape ecology and is an important determinant for 
many ecological processes including soil develop-
ment, movement of water and nutrients through 
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ecosystems, microclimates, and disturbance on land-
scapes (Pickett & Cadenasso 1995). These ecological 
processes give way to the diverse biota and further 
modify the mobility of organisms across the land-
scape (Wiens et al. 1993). Topography has long been 
considered to be one of the central drivers of spatial 
heterogeneity (Li & Reynolds 1995). The most com-
mon representation of topographic surfaces are digi-
tal elevation models, which are gridded elevation 
maps in raster form, and are widely used in ecological 
modeling. Digital elevation models are used to con-
struct a wide variety of topographic derivatives, such 
as slope, aspect, and topographic ruggedness maps 
(Amatulli et al. 2018). Elevation derivatives are used 
to understand both direct controls on species distri-
butions (Austin 2002) and indirect controls that are 
expressed through climate and microclimate (Leem-
poel et al. 2015). Many of the higher-order measures 
of ruggedness have been developed independently 
through time and are calculated in a myriad of ways, 
which leads to a lack of guidance and potential con-
fusion. In many instances, metrics of the same name 
may have very different meanings. Topographic rug-
gedness is one such measure having seen develop-
ment from both inside (Sappington et  al. 2007) and 
outside of the field of ecology (Melton 1958).

Topographic ruggedness (alternatively, known as 
surface roughness, rugosity, terrain complexity) is 
often defined as “the deviations in the direction of 
the normal vector of a real surface from its ideal or 
intended form” (Whitehouse 1994). In ecology, indi-
ces of topographic ruggedness are typically used to 
measure microhabitat diversity, difficulty of move-
ment, the ability of a habitat to provide shelter from 
extreme weather conditions, or escape from preda-
tors. Numerous studies have confirmed the utility of 
topographic ruggedness metrics in assessing habitat 
quality for a wide array of animal and plant species. 
For example, research on wild sheep has consistently 
shown that areas of high topographic complexity are 
critical for predator avoidance, especially around 
parturition (McCann 1956; Buechner 1960; Johnson 
et al. 2013; Hoglander et al. 2015; Smith et al. 2015; 
Bleyl et al. 2019). Similarly, many studies of predator 
ecology have shown strong relationships in selection 
(felids) or avoidance (canids) of topographic rugged-
ness (Chetkiewicz & Boyce 2009; Kunkel et al. 2013; 
Lone et al. 2014). In marine environments, complex 
surfaces, such as coral reefs, create escape terrain 

from predators making them amongst the most pro-
ductive and diverse ecosystems in the world (Reng-
storf et al. 2013; Graham and Nash 2013). In the riv-
erine environment roughness of the river bed as well 
as roughness created by coarse woody debris creates 
areas with low velocity of flow, which allow fish to 
rest, replenish their energy and food stores, and move 
upstream (Buffington et al. 2004).

Topographic heterogeneity has been shown 
to be an important driver of local microclimates 
(Dobrowksi et al. 2009), which have been linked with 
higher species diversity of plants (Copeland et  al. 
2015). Topographic ruggedness can also influence the 
frequency and spread of disturbances. For example, 
Krawchuk et  al. (2016). found that topographic rug-
gedness was an important determinant for whether a 
site was likely to become a fire refugium or not. Rug-
gedness can also influence the movement of animal 
species leading to differences in herbivory through 
time. For example, Seidl and Boyce (2015) found that 
ruggedness was an important variable in determining 
which habitat patches were grazed by elk. Similarly, 
Heffelfinger et al. (2020) found that mule deer graz-
ing was higher in low ruggedness areas compared to 
high ruggedness areas. Donadio and Buskirk (2016) 
found that topographic ruggedness increased the effi-
ciency of puma kills on vicuñas, which also resulted 
in differences in primary productivity.

Generally speaking, indices of topographic rug-
gedness (Fig.  1) can be classified into two genera-
tions (see also Appendix S1). The first generation 
of indices are those that are correlated with slope 
making it impossible to disentangle the ecological 
differences that may be related to slope versus those 
related to ruggedness per se (Strahler 1954; Melton 
1958; Beasom 1983; Hobson et  al. 1972; Nelleman 
and Thomsen 1994; Riley et al. 1999; Jenness 2004). 
Sappington et al. (2007), and later Du Preez (2015), 
recognized this limitation and created the Vector 
Ruggedness Measure (VRM) and Arc-Chord Ratio 
(ACR) respectively to minimize this correlation. 
Those improvements allowed ecologists and others to 
separate the effects of ruggedness from that of slope, 
which lead to better statistical predictions and better 
habitat models. The use of topographic ruggedness 
indices in ecology has increased dramatically through 
time with the advent of Geographic Information Sys-
tems and modern habitat modeling techniques among 
the most likely drivers of this increase in use.
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Despite the advantages of second generation rug-
gedness indices, such as VRM and ACR, however 
those methods still suffer from inflated ruggedness 
values in folded, yet smooth, landscapes. Areas such 
as ridgelines and drainages, in particular, tend to have 
very high values of VRM and ACR, because they 
contain adjacent cells that face different directions 
resulting in high ruggedness values despite represent-
ing what would appear to be smooth from a human 
perspective. This issue is problematic because ridge-
lines and drainages may provide habitat features or 
affect physical processes in ways that are independ-
ent of topographic ruggedness (Fig.  2). For exam-
ple, ridgelines have been found to be associated with 
higher levels of lightning strikes (Yang et  al. 2015), 
snow drifts (Baker and Weisberg 1995), and greater 
visibility (MacDonald et al. 2018), whereas drainages 
may be associated with higher levels of water and 
nutrient accumulation (Burt and Butcher 1985), and 
possibly animal movement pathways (Monteith et al. 
2018). Hence, developing ruggedness metrics that 
also remove the correlation with curvature are impor-
tant for distinguishing between smooth folded terrain 
and truly rugged terrain.

An ideal ruggedness index should have a minimum 
of three distinct properties. First, it should be inde-
pendent of slope to allow the researcher to examine 
the effects of slope and ruggedness separately. Sec-
ond, it should not be influenced by smooth folding, 
such as occurs on ridgelines and drainages that have 
high values simply because they contain different 
slope-aspects within a neighborhood. Finally, an ideal 
ruggedness metric should respond positively to dis-
tortion in the z dimension for non-smooth surfaces. 
The primary goal of this paper is to develop and test 
a method for calculating topographic ruggedness that 
alleviates the confusion between rugged areas and 

ridgelines and drainages. This index meets all three 
criteria for being an “ideal” ruggedness index, which 
constitutes what we consider to be a third generation 
of topographic ruggedness indices. Furthermore, we 
have applied this method to a specific landscape to 
better understand the role of ruggedness in defining 
habitat for desert bighorn sheep, and the scale(s) at 
which those ungulates respond to the ruggedness of 
their environment. Desert bighorn sheep are an excel-
lent case study for looking at indices of terrain rug-
gedness because habitat selection has been shown to 
be driven by topographic ruggedness (Sappington 
et  al. 2007), especially for females with dependent 
young.

In this paper, we ask the following questions: (1) 
Do the newly-developed metrics, such as VRML, 
ACRL, and SAPRL, as well as the established VRM, 
ACR, and SAPR, meet the criteria of an “ideal” rug-
gedness index? (2) Does VRML result in fewer highly 
rugged cells located in ridgelines and drainages com-
pared to VRM across the 494 mountain ranges in 
Nevada? Using desert bighorn sheep at Lone Moun-
tain, Nevada, USA as a case study, we investigated 
several questions related to habitat selection by 
female bighorn sheep, both with and without depend-
ent young. Finally (3), we asked the question: Which 
habitat features and spatial scales are most important 
for female bighorn sheep with young compared to 
females without young?

Methods

Overview

In this study we evaluated three measures of surface 
ruggedness commonly used in ecology: surface-area 

Fig. 1   Literature review of 
major ruggedness indices 
used in ecology based on 
a Google Scholar search. 
LSRI = land surface rug-
gedness index. TRI = Ter-
rain Ruggedness Index. 
SAPR = Surface-area Pla-
nar-area Ratio. VRM = Vec-
tor Ruggedness Measure. 
ACR = Arc-chord Ratio
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to planar-area ratio (SAPR, Jenness 2004), vec-
tor ruggedness measure (Hobson 1972; Sappington 
et al. 2007), and the arc-chord ratio (Du Preez 2015), 
and then modify these three metrics using a simple 
pre-processing technique that removes the underly-
ing smooth topography. Our approach to modifying 

SAPR, ACR, and VRM is conceptually simple. We 
first apply a smoothing function such as a 3 × 3 neigh-
borhood mean (Lindsay and Newman 2018) and then 
subtract the original DEM surface from the underly-
ing smooth surface in order to remove overall trend 
in topographic gradient and create a raster that only 

Fig. 2   Three-dimensional representation of mountainous 
topography illustrating how the Vector Ruggedness Measure 
(VRM) may result in large values along ridgelines and drain-
ages because aspects differ strongly at ridgelines and drain-
ages despite the fact that underlying topographic variation can 
be smooth. A Gentle slopes with similar aspects have a VRM 
of 931. B Gentle slopes along a ridgeline have a VRM value 

of 2453 because of the strong contrast between east and west 
aspects. C Steep cliffband with differing aspects has a VRM 
of 4173. The difference in VRM between the ridgeline and 
cliff and the ridgeline and gentle slope are similar. Location 
is 36.831° N, 115.105° W in the Sheep Range in southern 
Nevada
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contains the surface variation. Next, we calculate the 
original ruggedness measures, such as SAPR, VRM, 
and ACR using this raster of surface variation with 
the underlying smooth topography removed. We 
denote these modified indices as SAPRL, VRML, 
ACRL where L stands for local.

Testing the metrics using the ideal ruggedness test 
with artificial landscapes

We designed six levels of artificial landscapes to 
assess topographic ruggedness indices using the 
three ideal ruggedness criteria resulting in eight-
een artificial landscapes. The first criterion was that 
topographic ruggedness should be orthogonal to 
slope. We tested this criterion by comparing each 
ruggedness index with a set of smooth, planar land-
scapes that differed only by slope; under the first 
criterion, topographic ruggedness should remain at 
zero regardless of slope. The second criterion was 
that topographic peaks and valleys (and other curva-
tures or folds) should not automatically be identified 
as “rugged” terrain – just as a quadratic curve or sine 
wave should be considered equally smooth across its 
range of support. We tested this criterion by confront-
ing each topographic ruggedness index with a set of 
smooth artificial landscapes that were folded accord-
ing to sine waves with varying frequency (i.e., gener-
ating smooth landscapes that differed only by ‘fold-
edness’). Topographic ruggedness should remain at 
zero regardless of the number of folds, assuming the 
scale of the folds is much larger (e.g., peaks and val-
leys occurring > 10 grid cells apart) than the raster 
resolution. Finally, we applied a third test by generat-
ing a random raster and increased vertical distortion 
by multiplying the raster by values of 2, 4, 8, 16, and 
32. All measures of ruggedness should increase with 
increasing vertical distortion regardless of slope or 
foldedness.

Comparison of VRM and VRML across 494 
mountain ranges in the state of Nevada

To compare how the modified versions of the rugged-
ness indices in which the smooth underlying topo-
graphic variation has been removed compared to the 
uncorrected version we calculated VRM and VRML 
across the 494 mountain ranges that occur within the 
state of Nevada. The mountain ranges in the state of 

Nevada are a good case study for this comparison 
because they provide numerous replicates and, because 
of the basin and range topography in which moun-
tains alternate with valleys, the boundaries of these 
ranges tend to be distinct from one another. We chose 
to compare VRM because it is the most widely used 
2nd generation ruggedness index in ecology (Sapping-
ton et al. 2007 has been cited 541 times compared with 
Du Preez (2015), which has been cited 32 times). All 
calculations were performed on 1/3 arc-second digi-
tal elevation models (DEMs) derived from the USGS 
(2009). To create VRML we prepared the DEMs by 
running a 3 × 3 neighborhood mean on each original 
DEM to create a smoothed DEM and then subtracting 
the smoothed DEM from the original DEM to create a 
local difference DEM. Next, we used the Benthic Ter-
rain Modeler Version 3.0 Toolbox for ArcGIS (Wal-
bridge et al. 2018) and calculated the vector ruggedness 
measure (Eq. 2) on the original un-processed DEM and 
local difference VRM using the rugosity tool. To sum-
marize average VRM and VRML we calculated the 
average value within polygons from a hand-digitized 
shapefile of mountain ranges in the state of Nevada 
(Robert Elston Jr. pers. comm.). Finally, we compared 
the residuals of a linear regression of VRML on VRM 
in order to determine the characteristics for mountain 
ranges that varied the most between VRM and VRML.

To determine whether VRML led to a reduction 
in the area classified as rugged ridgelines and rug-
ged drainages compared to mid-slope we divided the 
landscape into each of the three topographic position 
categories using the Topographic Position Index of 
Weiss (2001). We used the same 1/3 arc-second digi-
tal elevation model as in previous steps and calculated 
the Topographic Position Index using a 450 m neigh-
borhood size using the entire state of Nevada. Cells 
with the highest 10% of TPI values were classified as 
ridgelines and cells with the lowest 10% of TPI values 
were classified as drainages. All remaining cells were 
classified as midslopes. To identify the most rugged 
cells we then took the top 10% of VRM and VRML 
within Nevada mountain ranges and classified them 
as rugged, overlaid them with the three topographic 
position categories, and calculated the proportion of 
rugged cells in each topographic position category.
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Habitat selection by desert bighorn sheep during the 
parturition season

We tested the modified and uncorrected versions of 
three ruggedness metrics (SAPR, ACR, VRM) in 
combination with slope angle across a range of spa-
tial scales for desert bighorn sheep (Ovis canadensis 
nelsoni) at Lone Mountain, Nevada. Using radio-
collar data from 30 individuals we tested selection 
for topographic ruggedness and slope angle on Lone 
Mountain (38° 2′ N 117° 31′ W) during parturition 
(birthing and 1 month following birth) in 2016–2018. 
Lone Mountain is an extremely steep and rugged 
mountain, has an average slope of 15.3°, and repre-
sents one of the last remnant genetic populations of 
desert bighorn sheep in the Great Basin (Jahner et al. 
2019). Hence, desert bighorn sheep and the popula-
tion at Lone Mountain, in particular, make an excel-
lent case study for examining habitat selection using 
the newly developed and original ruggedness indices. 
Additionally, we included slope as a variable because 
slope and ruggedness may represent different physi-
cal properties of the landscape that are important for 
female bighorn sheep with and without dependent 
young.

In 2016–2018 we captured seventeen female desert 
bighorn sheep on Lone Mountain. We used ultra-
sonography to determine pregnancy status of each 
captured individual (Bishop et  al. 2007). Pregnant 
individuals were fit with GPS collars (Vertex Plus 
Iridium, Vectronic Aerospace, Berlin, Germany), 
and a vaginal implant transmitter (VITs) was inserted 
into the birth canal of each pregnant female. Follow-
ing capture, individuals were monitored via radio 
telemetry for parturition events. Following confirmed 
parturition events, researchers attempted to cap-
ture and collar dependent young with very high fre-
quency (VHF) expandable collars. Dependent young 
were then monitored for survival during the ensuing 
months and mortalities were investigated to deter-
mine cause. All handling of animals was approved 
by the Institutional Animal Care and Use Commit-
tee (University of Nevada, Reno IACUC Protocol 
00651).

Following each field season, we subset the GPS 
location data to the 1st month following parturi-
tion of individuals that were provisioning a neonate. 
We chose this period because females selected dif-
fering degrees of slopes and ruggedness to increase 

survival of young during the 1st month of life (Blum 
et al. 2023b). We buffered those locations by 780 m 
and dissolved all buffers into a single polygon to gen-
erate the availability boundary to be used in habitat 
selection functions. We selected those distances by 
measuring the movement rate between each GPS 
location, per individual, and estimating the distance 
that 99% of locations fell within (standard deviation 
* 2.58) based on those movement rates. Furthermore, 
we subset the location dataset to include a maximum 
of 2 locations per day (i.e., one in the morning and 
one in the evening) to reduce spatial autocorrelation 
in the dataset. We created two random locations for 
every used location (i.e. each sheep GPS location in 
the dataset) within the buffered polygon.

We generated slope and ruggedness metrics at 
twenty-one spatial scales. Understanding the interac-
tions between slope and ruggedness for species such 
as bighorn sheep is best examined in a multiscale 
framework, because selection for one variable may 
occur at spatial scale very different from the other. 
A majority of ruggedness measures in the ecologi-
cal literature, including VRM, ACR, and SAPR, are 
scale-dependent and require the investigator to explic-
itly define the scale at which to calculate the meas-
ure. Multiscale habitat modeling has become more 
widespread as a tool for discovering the relevant spa-
tial scales for organisms (McGarigal et al. 2016). For 
each study area we used 1/3 arc-second DEM and cre-
ated slope and ruggedness rasters at 21 spatial scales. 
To calculate slope we used Spatial Analyst in Arc-
GIS, and to calculate SAPR, ACR, and VRM using 
the Benthic Terrain Modeler Version 3.0 Toolbox for 
ArcGIS (Walbridge et  al. 2018) and calculated each 
ruggedness measure at each spatial scale. For the 
modified version of each ruggedness measure we first 
prepared the DEM by running a 3 × 3 neighborhood 
mean on each original DEM to create a smoothed 
DEM and then subtracting the smoothed DEM from 
the original DEM to create a local difference DEM. 
We then calculated SAPRL, ACRL, and VRML using 
the local difference DEM. We extracted values from 
each covariate (SAPR, SAPRL, ACR, ACRL, VRM, 
and VRML) to the used and random locations. We 
used logistic regression models, to determine which 
ruggedness metrics were most effective in predict-
ing bighorn sheep habitat selection. We generated 
these models through the “lme4” package in R 3.6.1 
(Manly et al. 2002; Johnson et al. 2006; Bates et al. 
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2015). We set used and random locations as the 
binary response variable and the slope and rugged-
ness covariates to predictor variables. We generated 
a model for every combination of slope and rugged-
ness, across the 21 spatial scales (n = 2,646 models). 
Each model contained two predictor variables, a slope 
and ruggedness metric (e.g. slope*ACR), that were 
set as an interaction, so that we could estimate addi-
tive and interaction effects for each spatial and vari-
able combination. We evaluated each of the logistic 
regression models using the McFadden’s R2 (McFad-
den 1974) and by assessing the additive ruggedness 
and slope coefficients for all models.

We expected females with young under 1 month 
of age to select for high ruggedness and steep slopes, 
referred to as risk-averse selection of habitat because 
females provisioning young frequently give up for-
age resources in exchange for predator avoidance 
(Blum 2023a). We divided our GPS locations into 
two groups: pre-parturition which included loca-
tions < 2  months prior to birth and post-parturition 
which included locations 1 month after birth. We 
selected optimized scales of ruggedness (VRML) 
and slope based on the previous multi-scale logistic 
regression analysis. In addition to localized terrain 
ruggedness, we generated and appended elevation, 
slope, sin of aspect, and cosine of aspect to GPS loca-
tions. Additionally, we calculated distance to water 
from perennial water sources on Lone Mountain. 
We used the Rangeland Analysis Platform to append 
vegetation cover to each location (Jones et al. 2018). 
Our vegetation cover classes included cover of annual 
forbs and grasses, perennial forbs and grasses, shrubs, 
trees, and bare ground.

Prior to analyses of habitat selection, we tested for 
multicollinearity among variables. Each localized ter-
rain ruggedness variable had high correlation with the 
others (i.e., > 0.6), therefore we conducted six logistic 
regressions, with each ruggedness variable as a single 
predictor variable, to determine which variable had 
the most predictive power. We selected VRML as the 
ruggedness metric for our habitat selection functions, 
because it had the lowest AICc score. Furthermore, 
we standardized all predictor variables so that selec-
tion coefficients could be directly compared.

We modeled habitat selection of bighorn sheep 
pre and post parturition through a Bayesian hierar-
chical framework. We generated a separate model for 
each parturition period and compared the selection 

coefficients from each model. We used the “jagsUI” 
package in R to fit each model (Kellner 2019). We 
modeled used and random location of individual 
female sheep, n, for each day, j, and observation, k, 
using a Bernoulli distribution and estimated the rela-
tive probability of using that location, pi,j,k, as a logit 
linear function of our covariates, Xn:

We used vague prior distributions for all estimated 
parameters. We tested all model iterations for con-
vergence using Rhat scores and by visually analyz-
ing MCMC chain mixture. We used 20,000 itera-
tions, with a burn in of 1000 iterations, and 3 MCMC 
chains to get models to converge.

Results

Artificial landscapes

Our results show that the measures of topographic 
ruggedness responded differently to each of the three 
landscape properties: increasing vertical distortion, 
increasing slope of a plane, and increasing frequency 
of a smooth wave (Table 1). Only the modified ver-
sions of those measures, in which underlying smooth 
topography was minimized, passed all three tests. 
The original surface area to planar area ratio (SAPR) 
failed both the slope and the smooth wave tests indi-
cating that it was influenced by 1st order slope influ-
ences and 2nd order curvature influences. The uncor-
rected versions of the arc-chord ratio (ACR) and 
vector ruggedness measure (VRM) both passed the 
slope test, but failed the smooth wave test. Those 
results indicated that they were successful in reduc-
ing the correlation with slope, but failed to success-
fully reduce the correlation with curvature. In con-
trast, all three modified versions of the ruggedness 
metrics (SAPRL, ACRL, and VRML), with smooth 
underlying topographic variation removed, passed all 
three tests suggesting that they were not influenced by 
topographic folding.

(1)yi,j,k ∼ Bernoulli(pi,j,k)

(2)logit(pi,j,k) = �0 + �1,i,jX1,i,j,k … �n,i,jXn,i,j,k
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Comparison of VRM and VRML across mountain 
ranges

VRM and VRML were strongly related to one another 
(R2 = 0.76; Fig.  3) yet there were important differ-
ences with mountain ranges above the regression line 

exhibiting characteristics that are classically thought 
of as rugged, such as steep cliff bands and extensive 
rock outcrops. Whereas mountain ranges below the 
regression line contained fewer rock outcrops and 
had smoother topography despite having steep slopes 
and a variety of aspects. In general, the majority of 

Table 1   Mean ruggedness for each artificial landscape test

SAPR   surface area to planar area ratio, ACR  Arc-chord ratio, and VRM   vector ruggedness measure. L in subscript denotes the 
modified (local) version of each of these measures. Univariate regressions were developed between each landscape property (first 
column) and the mean ruggedness derived from each measure. The bottom rows indicates the best-fit polynomial, whether the test 
was passed, and the generation that the ruggedness index belongs to. In cases where there was no first, second, or third order polyno-
mial we concluded that no simple relationship existed between the landscape property and the ruggedness measure tested. The three 
tests were (a) ruggedness must increase with vertical distortion in the z dimension, (b) ruggedness must not increase with increasing 
slope, and (c) ruggedness must not increase with increases folding as measured by the number of sine waves.

(a) ruggedness must increase with vertical distortion

Vertical distortion SAPR ACR​ VRM SAPRL ACR​L VRML

1 1.0016 1.0015 0.0001 1.0012 1.0012 0.0000
2 1.0066 1.0059 0.0005 1.0048 1.0045 0.0003
4 1.0258 1.0233 0.0021 1.0190 1.0178 0.0011
8 1.0976 1.0870 0.0083 1.0728 1.0676 0.0045
16 1.3338 1.2857 0.0307 1.2557 1.2324 0.0175
32 1.9821 1.7533 0.0981 1.7788 1.6631 0.0613
Polynomial 3rd 3rd 3rd 3rd 3rd 3rd
Passed? Yes Yes Yes Yes Yes Yes
Generation 1st 2nd 2nd 3rd 3rd 3rd

(b) ruggedness must not increase with increasing slope

Planar slope (degrees) SAPR ACR​ VRM SAPRL ACR​L VRML

0.000000 1.0000 1.0000 0.0000 1.0000 1.0000 0.0000
0.045293 1.0000 1.0000 0.0000 1.0000 1.0000 0.0000
0.090586 1.0000 1.0000 0.0000 1.0000 1.0000 0.0000
0.181173 1.0000 1.0000 0.0000 1.0000 1.0000 0.0000
0.362339 1.0000 1.0000 0.0000 1.2557 1.2324 0.0175
0.724650 1.0001 1.0000 0.0000 1.7788 1.6631 0.0613
Polynomial 2nd
Passed? No Yes Yes Yes Yes Yes

(c) ruggedness must not increase with increases folding

Sine wave (frequency) SAPR ACR​ VRM SAPRL ACR​L VRML

1 1.0000 1.0000 0.0000 1.0000 1.0000 0.0000
2 1.0000 1.0000 0.0000 1.0000 1.0000 0.0000
4 1.0000 1.0000 0.0000 1.0000 1.0000 0.0000
8 1.0001 1.0000 0.0000 1.0000 1.0000 0.0000
16 1.0004 1.0000 0.0000 1.0000 1.0000 0.0000
32 1.0015 1.0002 0.0005 1.0000 1.0000 0.0000
Polynomial 2nd 3rd 3rd
Passed? No No No Yes Yes Yes
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mountain ranges had low values of VRM and VRML, 
yet the differences between VRM and VRML tended 
to increase with increasing ruggedness. According 
to both measures 79% of the top 10% most rugged 
mountain ranges in Nevada were located in the south-
ern part of the state (Fig.  4A), but mountain ranges 
with large differences between the two ruggedness 
measures tended to be scattered throughout the state 
(Fig.  4B). Two mountain ranges, which showed the 
starkest contrast between VRM and VRML included 
the Sheep Range and the Desert Range, both adja-
cent mountain ranges located in southern Nevada just 
north of Las Vegas (Fig.  4C). In the Sheep Range 
VRML showed more extensive areas of high rugged-
ness (Fig. 4F) with the most rugged areas occurring 
in rocky outcrops and cliff bands (Fig.  4D). In con-
trast, the most rugged areas mapped by VRM were 
distributed along ridgelines and drainages (Fig. 4E). 
In the adjacent Desert Range areas mapped as rug-
ged by VRM (Fig. 4H) and VRML (Fig. 4I) tended to 
be more similar to one another and tended to include 
a mix of ridgelines, drainages, mid-slope rock out-
crops, and mid-slope erosional features (Fig.  4G). 
Finally, low ruggedness areas that were mapped as 
positive residuals are present in the northwestern 
and northcentral parts of Nevada Figs.  4A and 4B). 
Although these mountain ranges tend to have exten-
sive flat-topped mesas they are also characterized by 
rim rock and deep canyons. It appears that VRML, by 
being able to better differentiate sharp versus smooth 

ridgelines, can better identify ruggedness in the form 
of sharp-edge rim rock and deep canyons. Consid-
ering a binary classification of rugged versus non-
rugged terrain mid-slopes saw an increase in 59%, 
drainages a decrease in 45%, and ridges a decrease of 
46% in the number of cells classified as high rugged-
ness (top 10%) when using VRML rather than VRM 
(Fig. 5).

Habitat selection by desert bighorn sheep during the 
parturition season

The spatial scales of the best models tended to be 
similar across ruggedness measures with models 
using finer-scale slope and medium to coarse-scale 
ruggedness performing the best. The most nota-
ble exception was for SAPR, in which coarser-scale 
slope and finer-scale ruggedness were more predic-
tive (Fig. 6). All three modified ruggedness variables 
had similar patterns with scale and similar predictive 
power. The uncorrected versions of ACR and VRM 
had similar patterns with scale to one another. The 
single best model at Lone Mountain used ACRL at 
810  m and slope at 150  m. In contrast, SAPR was 
most predictive in the coarsest-scale models of either 
slope or ruggedness but performed poorly when both 
variables were calculated at coarser scales. Modified 
versions of the ruggedness metrics (SAPRL, ACRL, 
VRML) tended to modestly improve habitat models 
relative to uncorrected version (SAPR, ACR, and 

Fig. 3   Scatterplot of 
VRML predicted from 
VRM. Mountain ranges that 
are more rugged by VRML 
are shown above the best-fit 
line and mountains that 
are less rugged are below 
the line
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VRM) as measured by the McFadden’s pseudo- R2 
(Fig.  6). At Lone Mountain the improvement in the 
models as measured by the difference in McFad-
den’s R2 between the local and the regular for the 
best models was 0.027 for SAPR, 0.022 for ACR, and 
0.020 for VRM (Fig. 6).

The slope of the ruggedness coefficient tended to 
increase as models were calculated at increasingly 
coarser spatial scales (Figure S1). Nevertheless, for 
models with slope at spatial scales less than 330 m, 
coefficients were highest at intermediate spatial scales 
(ruggedness 210—930). This pattern was most appar-
ent in all three of the localized ruggedness measures. 
In contrast to ruggedness, finer-scale slope models 
tended to have higher slope coefficients (Figure S2). 
SAPR, but not SAPRL, tended to have coefficients 
in both ruggedness and slope that changed rapidly 
as models transitioned across the diagonal, perhaps 
resulting from correlations between slope and SAPR.

Selection coefficients for female bighorn sheep fol-
lowing parturition tended to be higher for ruggedness, 
and slightly lower for slope compared to females 
before parturition (Fig.  7). Both slope and rugged-
ness had credible intervals that were both positive and 

did not intersect zero (Fig.  7). Additionally, females 
selected areas on south facing slopes, closer to water, 
and with less tree cover, both pre and post parturi-
tion, although the degree of selection was different 
based on parturition period (Fig. 7). During both par-
turition periods, females also selected for areas with 
more bare ground, more perennial forbs and grasses, 
and higher shrub cover compared to females without 
dependent young (Fig. 7).

Discussion

The three components of the ideal ruggedness test 
represent three generations of topographic rugged-
ness measures (Table 1). The first generation of rug-
gedness measures pass the vertical distortion tests, 
but fail the other two tests, and should be thought of 
as representing variation in elevation rather than sur-
face ruggedness. These measures, which included 
surface-area to planar-area ratio (SAPR) (Jenness 
2004) as tested in this study, but also should include 
earlier ruggedness measures such as the Terrain Rug-
gedness Index (TRI) (Nelleman and Thomsen 1994; 
Riley et al. 1999) and the Land Surface Ruggedness 
Index (LSRI) (Beasom et  al. 1983). Both the Arc-
chord Ratio (Du Preez 2015) and the Vector Rugged-
ness Measure (Sappington et al. 2007) passed the ver-
tical distortion and slope tests but failed the test that 
an ideal ruggedness measure not increase with the 
number of smooth folds. Hence, second generation 
ruggedness indices capture an important component 
in ruggedness, namely variation in aspect.

The localized versions of surface-area planar-area 
ratio (SAPR), arc-chord ratio (ACR), and vector rug-
gedness measure (VRM) passed all three tests. Fur-
thermore, these localized ruggedness measures did 
a better job of mapping rugged terrain, such as rock 
outcrops and cliff bands, and allowed for the distinc-
tion between rugged ridgelines and drainages from 
smooth ridgelines and drainages. Although both the 
modified and uncorrected versions of the vector rug-
gedness measure were correlated with one another 
in this study we found that differences were large 
enough that rankings or comparisons among moun-
tain ranges in Nevada might differ between the two 
versions. Although the concept of removing under-
lying smooth topographic variation for character-
izing surface roughness is not completely novel 

Fig. 4   Results of the statewide analysis of vector rugged-
ness measure (VRM) and vector ruggedness measure local 
(VRML). A Map showing the average VRML for each of 
the 494 mountain ranges. Average VRML was 0.000075. B 
Map showing the residuals of VRML against VRM with red 
colors indicating that VRML was higher than expected and 
blues indicating that VRML was lower than expected. C Map 
showing the two focal mountain ranges: the Sheep Range and 
the Desert Range. Average VRML for the Sheep and Desert 
Ranges were 0.00061 and 0.00017 respectively suggesting 
that the Sheep Range is about 8.1 times more rugged than 
the average mountain range in Nevada and the Desert Range 
is 2.2 times more rugged than the average. The Sheep Range 
was the most rugged as measured by both VRM and VRML 
of the large mountain ranges in Nevada (> 6 km2) whereas the 
Desert Range was the 54th out of 494 mountain ranges. The 
residual VRML after accounting for VRM for the Sheep Range 
was 0.00021 and for the Desert Range was − 0.00010 making 
the Sheep Range the most positive residual of any large moun-
tain range in Nevada and the Desert Range 479th out of 494. 
D Digital Globe Worldview 2 image dated 11/6/2018 showing 
a detailed view of the Sheep Range. E VRM with underlying 
hillshade for the detailed view of the Sheep Range. F VRML 
with underlying hillshade for the detailed view of the Sheep 
Range. G Digital Globe Worldview 2 image dated 11/11/2018 
showing a detailed view of the Desert Range. H VRM with 
underlying hillshade for the detailed view of the Desert Range. 
I VRML with underlying hillshade for the detailed view of the 
Desert Range

◂
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(Lindsay and Newman 2018), it has not yet been 
widely adopted in ecology. Adoption of this approach 
may lead to improved habitat models for species 

associated, positively or negatively, with rugged 
terrain.

The three components of landscape ruggedness 
may have different ecological interpretations. For 
example, first generation ruggedness indices repre-
senting variation in elevation may indicate areas that 
provide species with some ability to migrate in the 
face of climate change (Freeman et  al. 2018). Areas 
with high, second generation ruggedness indices rep-
resenting aspect diversity may indicate areas of high 
plant species richness resulting from the diversity of 
microclimates within a small geographic area (Ack-
erly et  al. 2010). In addition, some of those areas 
may provide species with micro-refugia in the face 
of climate change. Third generation metrics represent 
localized surface roughness may represent undula-
tions in the surface potentially indicating surface fea-
tures such as boulder patches, which may be critical 
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Fig. 5   Proportion of the highest 10% of VRM and VRML 
cells in three different topographic position categories: drain-
age, midslope, and ridgeline. The gray bars show the propor-
tion of all cells in each of those topographic position catego-
ries without regard to the value of VRM or VRML

Fig. 6   McFadden’s R2 for habitat selection functions for 
1-month post-parturition female big horn sheep in the Lone 
Mountain study area. Models were tested across twenty-one 
spatial scales ranging from 30 to 1230  m for all scale com-
binations of ruggedness (columns) and slope (rows). The top 
row of models used the original A surface-area planar ratio, B 

arc-chord ratio, and C vector ruggedness without the modifica-
tion used in this study. The bottom row used the novel local 
versions of D surface-area planar ratio, E arc-chord ratio, and 
F vector ruggedness with underlying topographic variation 
removed
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for certain species. For example, Gooley and Schau-
ber (2022) found that rock crevices were the most 
important predictor for eastern woodrat (Neotoma 
floridana) population abundance in southern Illinois, 
USA. Improved mapping could potentially lead to the 
discovery of new sites for similar rock-obligate spe-
cies. Metrics of localized surface roughness, such as 
VRML, ACR​L, and SAPRL used in this study, could 
be integrated directly into habitat models. Alterna-
tively, these maps could be discretized and used to 
understand population processes under a metapopu-
lation modeling approach (Wiens 1997). All three 
generations of ruggedness indices can be calculated 
as continuous variables from Digital Elevation Mod-
els, which is consistent with the adoption of surface 
metrics (McGarigal et al. 2009) and other continuous 
data for ecological analysis of landscapes.

Creating habitat models using multiple spatial 
scales is rapidly becoming more commonplace in 
ecology, and offers novel insights regarding how 
organisms interact with their environment (McGari-
gal et  al. 2016). Topographic ruggedness and slope 
are both inherently scale-dependent variables; how-
ever, relatively few studies report the spatial scales 
at which these variables are calculated. Our results 
indicate that the best habitat models in our study 
area combined slope at fine, but not the finest, spatial 
scales, and ruggedness at moderate spatial scales, sug-
gesting that this multi-scale model was both informa-
tive and more predictive than single-scale modeling. 
Variables calculated at broader spatial scales have 
been found to be more predictive for a range of wild-
life taxa (Weisberg et  al. 2014; Zeller et  al. 2017), 
however the most predictive scale is related to the 
behavioral ecology of the species of interest, as well 

Fig. 7   Violin plots of density from the top Bayesian hierarchi-
cal model for habitat selection by desert bighorn sheep at Lone 
Mountain, Nevada (2016–2018). Blue density plots represent 

those estimated prior to parturition and red density plots repre-
sent those estimated post parturition (Blum et al. 2023a)
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as the unique combination of habitat features present 
within a particular study area. Female desert bighorn 
sheep with young at Lone Mountain, Nevada selected 
coarse scales of ruggedness (810 m) and fine scales of 
slope (150  m). Ruggedness may have been selected 
at coarse spatial scales because concealment from 
predators is very important for dependent young in 
the 1st month of life and coarser scales of ruggedness 
may be more related to viewsheds and concealment. 
In contrast, steeper terrain may have been selected 
because it provides opportunities for desert big-
horn sheep to escape from predators (Berger 1991). 
The new approach outlined in this paper isolates 
the effect of fine-scale variation in the z-dimension 
from more generalized effects of variation in slope 
and aspect, and therefore facilitates the functional 
interpretation of predictor variables used in a habitat 
model. Because the meaning of topographic rough-
ness becomes more specific and less confounded with 
other components of habitat, ecological relationships 
can be more readily inferred.

Conclusion

In this paper we provide an approach that can be used 
to modify a wide range of topographic ruggedness 
measures. We also introduced the idea of three gen-
erations of ruggedness indices representing elevation 
variability, aspect diversity, and fine-scale surface 
ruggedness. We present and test an “ideal ruggedness 
test”, in which only our localized ruggedness meas-
ures passes all three criteria. Adoption of modified 
ruggedness measures will likely help diminish con-
fusion between ridgelines and drainages with rugged 
terrain. Nevertheless, the other two aspects of rug-
gedness (elevation variability and aspect diversity) 
may be equally, or more important, for many eco-
logical applications. Moving forward, users should 
be explicit about the particular metrics they use as 
the three generations of metrics represent different 
aspects of topographic ruggedness. Specifically refer-
ring to ruggedness metrics as elevation variability, 
aspect diversity, and local surface ruggedness may 
help illuminate which particular functional role that 
ruggedness represents. Researchers should also con-
sider both ruggedness and slope at different spatial 
scales since the smallest scale may not always be the 

most informative. Finally, it is critical to consider the 
ecological processes that are likely to be affected by 
topographic ruggedness, as in our case study in which 
ruggedness appears to reflect habitat concealment 
whereas slope represents escape terrain.
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