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Habitat assessments for biodiversity conservation are often complicated by the lack of detailed knowl-
edge of a study species’ distribution. As an alternative to resource-intensive field-based methods to
obtain such information, remotely sensed products can be utilized in species distribution models to infer
a species’ distribution and ecological needs. Here we demonstrate how to arbitrate among a variety of
remotely sensed predictor variables to estimate the distribution and ecological needs of an endangered
butterfly species occurring mainly in inaccessible areas. We classified 19 continuous environmental pre-
dictor variables into three conceptually independent predictor classes, terrain, land cover, and vertical
vegetation structure, and compared the accuracy of competing Maxent habitat models consisting of dif-
ferent combinations of each class. Each class contributed, though disproportionately, to our most reliable
model that considered all 19 variables. We confirm that variables obtained from remote sensors can
effectively estimate the distribution and ecological needs of a relatively unknown imperiled species
occurring in inaccessible locations. Importantly, increasing the variety of predictor classes through
multi-sensor fusion resulted in greater model accuracy than increasing the absolute number of predictor
variables.

� 2013 Elsevier Ltd. All rights reserved.
1. Introduction

Considering that habitat loss is a primary driver of species
extinctions, detailed habitat assessments are among the most
important first steps guiding conservation efforts for imperiled
species (Mace and Lande, 1991). Thorough habitat assessments
are, however, often complicated by the lack of detailed knowledge
of a threatened species’ distribution, habitat status, and ecological
needs (Anderson and Martinez-Meyer, 2004). Obtaining such infor-
mation is not trivial. Threatened species are often sparsely distrib-
uted, hard to detect, and – due to biotic interactions, historical
legacies, and dispersal barriers – not found in all suitable habitat
patches (Pulliam, 2000). These qualities make it hard to separate
unsuitable habitat from unoccupied suitable habitat (Gu and Swi-
hart, 2004). In addition, time and monetary constraints typically
prevent detailed bio-assessments that involve extensive surveys,
experiments, and long-term demographic studies. Here we esti-
mate the distribution and ecological needs of a relatively unknown
imperiled species occurring in inaccessible locations, and, in doing
so, develop methods to evaluate the contribution of a variety of
readily accessible, continuous remotely sensed predictor variables
that may be incorporated into species distribution models.

To overcome the challenges associated with imperiled species’
habitat assessments, ecologists employ species distribution models
(SDMs) to estimate imperiled species’ distributions (Elith and
Leathwick, 2009). Using spatial data describing distributions and
environmental characteristics, SDMs estimate the relationship
between the study species’ occurrences and the underlying envi-
ronment. These approximations of the target species’ environmen-
tal niche are then used to map suitable ecological conditions over
an entire study region (Elith and Leathwick, 2009). Because they
enable researchers to overcome the challenges associated with
resource-intensive bio-assessments, and because of improved
model reliability, SDMs have become increasingly popular among
ecologists and conservationists (Elith and Leathwick, 2009).

Progress in remote sensing technologies has strongly
complemented advances in SDMs. As an alternative to resource-
intensive field-based methods, air- and space-borne sensors enable
researchers to acquire reliable environmental data at scales rele-
vant to SDMs in a consistent and repeatable way (Gillespie et al.,
2008), even from poorly known and inaccessible areas (Raxworthy
et al., 2003). Despite their utility, remotely sensed predictor
variables remain underutilized in SDMs, possibly because the liter-
ature offers little guidance on appropriate datasets (Buermann
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et al., 2008) and interpretation of results obtained from remotely
sensed data (Turner et al., 2003). Since the scale at which organ-
isms perceive and interact with their environment is often much
smaller than the scale at which many remotely sensed variables
are obtained, concerns have also been raised as to whether remo-
tely sensed data can be used to detect environmental variation at
scales relevant to SDMs (Bistrat et al., 2011; Laurent et al., 2005).

The accelerating availability of diverse, remotely sensed prod-
ucts has generated questions about which and how many parame-
ters to incorporate into model building. These parameters can be
categorized into four conceptually independent remotely sensed
predictor classes – terrain, (horizontal) land cover, (vertical) vege-
tation structure, and climate. Building on a previous effort that
only considered land cover variables to track temporal habitat
changes (Bartel and Sexton, 2009), we develop SDMs using a range
of continuous remotely sensed predictor variables within three of
these four remotely sensed predictor classes for an endangered
butterfly, the St. Francis’ satyr Neonympha mitchellii francisci. From
these, we developed seven SDMs based on each predictor class
independently, and in combination with one another. Four of our
SDMs thereby utilized data from more than one sensor simulta-
neously, termed ‘‘multi-sensor fusion’’ (Hall and Llinas, 1997).
Using our SDM results, we compared the performance of each
SDM, blocked by data source, in predicting St. Francis’ satyr
presences. We also evaluated the relative contribution of each
predictor variable to St. Francis’ satyr distribution. In conducting
our investigation, we developed an approach that tests significance
of different classes of remotely sensed variables that should be
generally applicable to arbitrate among competing models that
could include various data inputs.
Table 1
Estimates of variable importance of terrain, land cover and vegetation structure
variables used to predict St. Francis satyr presences using the Maxent software
package (Phillips and Dudík, 2008).

Remotely
sensed class

Variable Variable
importance
(%)

Permutation
importance
(%)

Terrain Slope 19.4 25.3
Relative Slope Position 6.3 10
Terrain Shape 0.5 0.6
Aspect 0.6 0.2
Flow Accumulation 0.5 0.2

Land cover Deciduousness 24.1 41.3
Summer brightness 9.3 2.3
Wetness seasonality 1.6 2.2
Brightness seasonality 1.3 1.2
Winter greenness 2.0 1.1
Summer wetness 5.4 0.6
Winter brightness 0.8 0.4
Winter wetness 0.9 0.4
Summer greenness 15.7 0.3

Vegetation structure Canopy density 2.0 8.5
Understory density 3.0 2
2. Material and methods

2.1. Study species

St Francis’ satyr, globally restricted to early-successional
wetlands situated on United States Department of Defense lands
at Ft. Bragg, NC (35�070S, 79�080W, 65,032 ha), is an ideal species
for a case study on SDMs utilizing remotely sensed data for a num-
ber of reasons. First, the species is listed as Endangered under the
United States’ Endangered Species Act because of its low popula-
tion size and limited geographical range. Second, some previously
healthy St. Francis’ satyr subpopulations are currently in decline as
once-suitable habitat transitions toward late-successional stages
(Kuefler et al., 2008; Bartel and Sexton, 2009), creating an urgent
need to assess the status of suitable habitat to determine the like-
lihood of population recovery. Third, our study area offers what we
believe to be several suitable early-successional wetlands that sup-
port St. Francis’ satyr’s one known host plant, Carex mitchelliana
sedges, which itself has very limited distributions. Yet, many of
these patches remain unoccupied, raising questions about whether
we can truly separate unsuitable from unoccupied suitable habitat.
Fourth, much of the distribution of St. Francis’ satyr falls within the
restricted artillery impact zones at Ft. Bragg, where very limited
and irregular access complicates efforts to confirm presences of
this cryptic species with a short flight period (Kuefler et al.,
2008). St. Francis’ satyr is thereby representative of many other
species whose life history is poorly described, and/or that live in
inaccessible areas.
Shrub density 1.1 1.6
Subcanopy density 3.6 1.4
Midstory density 1.8 0.3

Variable importance is calculated heuristically and thus sensitive to collinearity and
the order of variable importance. Permutation importance provides an alternative
measure that is calculated from the AUC of the final model, and thus robust to the
path of input variables.
2.2. St. Francis’ satyr occurrence

During 2008 we extensively (i.e. daily, during both month-long
flight periods, Kuefler et al., 2008) searched for St. Francis’ satyr
butterflies in all known and accessible colonies (n = 17). For each
butterfly observed, we obtained Universal Transverse Mercator
(UTM) coordinates using a WAAS-enabled Trimble Nomad 900GL
Global Positioning System (GPS) unit (1–3 m accuracy). In total,
138 GPS points were obtained, all within 3 m of butterfly observa-
tions to maximize locational accuracy (Graham et al., 2008). Be-
cause of the temporary, successional nature of St. Francis’ satyr
habitat, we based habitat suitability models on locations where
we saw St. Francis’ satyr during one focal year, 2008 (the year for
which we obtained Landsat data, see below).

2.3. Predictor variables

We tested the relative importance of three conceptually inde-
pendent predictor classes of remotely sensed predictor variables
– terrain, (horizontal) land cover, and (vertical) vegetation struc-
ture – in explaining St. Francis’ satyr distributions (Table 1). We
omitted a fourth class consisting of climate measures because such
data are usually coarsely scaled (Turner et al., 2003) and thus more
appropriate for regional or continental SDMs (Gillespie et al., 2008;
Elith and Leathwick, 2009). While some interpolated (e.g. Thornton
et al., 1997) and combined (e.g. Herman et al., 1997) climate mea-
sures exist, remotely sensed climatic predictor variables are rare,
especially for terrestrial surfaces.

Terrain variables, derived from Digital Elevation Models (DEMs)
(Li et al., 2005), play an important, though indirect, role in SDMs
through their influence on climate (Moore et al., 1990) and vegeta-
tion (Franklin, 1995). Five continuous terrain predictor variables
were used in this study, which included proxies for moisture (flow
accumulation and slope), solar radiation (aspect), and topography
(relative slope position and terrain shape, Moore et al., 1990). All
terrain variables in this study were derived from the USGS National
Elevation Dataset (Gesch et al., 2002), which we obtained at
1/3 arcsec resolution, resampled to 10 m resolution, and processed
using tools contained in the ArcGIS Spatial Analyst and TauDEM v.
4.0 (Tarboton, 2009) packages.

Land cover predictor variables, obtained through passive optical
multispectral sensors, are used to describe a study area’s physio-
graphic and physiognomic characteristics. Most often, land cover
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variables are converted to categorized thematic land cover-landuse
maps before use in SDMs (Laurent et al., 2005; Cord and Rödder,
2011). Recently however, continuous remotely sensed vegetation
indices have gained some traction in SDMs (Sexton et al., 2006;
Buermann et al., 2008; Cord and Rödder, 2011), though a range
of other continuous land cover indices (e.g. for soil and wetness,
Kauth and Thomas, 1976; Crist and Cicone, 1984) and land cover
measures (e.g. thermal emissivity, Wang et al., 2008) remain
largely neglected (although see Bartel and Sexton, 2009). Nine con-
tinuous land cover variables were used in this study. To obtain
these variables, we georectified one cloud- and snow-free winter
(January 2008) and one cloud-free summer (May 2008) Landsat-
5 Thematic Mapper (TM) image of the study area (path/row: 16/
36; resolution: 30 m). We then converted the six solar-reflective
(non-thermal) TM bands (bands 1–5, 7) to radiance (Chander
et al., 2007) and estimated surface reflectance using the DOS3 ap-
proach (Song et al., 2001). Surface reflectance values were then
transformed to Tasseled-Cap ‘‘brightness,’’ ‘‘greenness’’ (Kauth
and Thomas, 1976), and ‘‘wetness’’ indices (Crist and Cicone,
1984) in the ArcGIS 10 package. For each Tasseled-Cap index, our
SDMs incorporated summer and winter values, and the difference
between summer and winter values to characterize seasonality, or
‘‘deciduousness.’’

Vegetation structure predictor variables are obtained primarily
through active and passive optical remote sensing systems such as
Interferometric Synthetic Aperture radar (inSAR) and Light Detec-
tion and Ranging (LiDAR) sensors (Lefsky et al., 2002). Though still
under-utilized, continuous vegetation structure variables have re-
cently been used more frequently in SDMs (Goetz et al., 2010; Wil-
sey et al., 2012). Five continuous LiDAR-derived vegetation
structure variables were used in this study. To obtain LiDAR data
for our study area, we contracted an airborne Optech ALTM 2050
LiDAR System to fly over Ft Bragg in early July 2006 (while decid-
uous trees were in leaf-on condition) at a height of 4500 ft and a
flight speed of approximately 120 knots. This instrument produced
a spot spacing of 1 m, horizontal accuracy of 0.3 m, and vertical
accuracy of 95% within ±0.2 m, from which we derived mean ver-
tical density of vegetation in the understory (1–2 m above ground),
shrub layer (2–5 m), midstory (5–10 m), subcanopy (10–20 m),
and canopy (>20 m). We chose vegetation density as a predictor
variable because it best characterizes the relative vertical structure
of a habitat, an important aspect of habitat suitability for St. Fran-
cis’ satyr (Kuefler et al., 2008). LiDAR data were processed at the
10 m resolution using a Maximum-Likelihood model (Moody
et al., 2011).

2.4. Species distribution models

To model the distribution of St. Francis’ satyr, we used the Max-
ent software package (Phillips and Dudík, 2008; Elith et al., 2011),
as has been previously used to map St. Francis’ satyr habitat (Bartel
and Sexton, 2009). As a generative model, Maxent compares the
environment underlying input presence points against a random
sample of background points representing the availability and
range of environmental conditions, and produces a raster map
ranking each cell in the study area on an index representative of
relative habitat suitability. Maxent accounts for interactions
among predictor variables (Phillips and Dudík, 2008), and deals
with model overfitting by employing the L1-regularization proce-
dure (Hastie et al., 2009; Warren and Seifert, 2011), thus reducing
the need to remove correlated predictor variables or preprocessing
input before modeling (Phillips and Dudík, 2008; Elith et al., 2011).
Originally designed for modeling rare and endangered species dis-
tributions, Maxent has gained popularity in part because it is less
sensitive to the number of input presence locations (Wisz et al.,
2008), and relies on presence-only data, thereby avoiding the
possibility of indeterminacy of habitat vs. non-habitat when faced
with issues of imperfect detection (Guisan et al., 2006).

We developed seven Maxent models to estimate habitat
suitability of St. Francis’ satyr: one model combining all predictor
variables from each of the three remotely sensed predictor classes
(3 models), one model from each possible pair-wise combination of
the three predictor classes (3 models), and one model combining
all predictor variables from all three predictor classes (the full
model). Developing these seven models allowed us to directly
examine the ability of each remotely sensed predictor class, sepa-
rately and in combination, to predict habitat suitability. Prior to
Maxent modeling, all layers were clipped to Ft. Bragg’s boundary,
to maintain a consistent extent across all SDMs. We also artificially
downscaled all land cover predictors, obtained at the 30-m resolu-
tion, to 10-m resolution to align predictor variables and avoid los-
ing the fine-scale detail present in LiDAR and DEM-derived
variables (at the 10 m resolution). For each Maxent model, we used
10,000 background points and the default settings recommended
by Phillips and Dudík (2008) for features and regularization for
model training (but see Warren and Seifert, 2011). To estimate er-
rors for model performance evaluation, we implemented Maxent’s
built-in 10-fold cross-validation on each model to obtain 10 quasi-
independent measures of a model’s predictive ability (Hastie et al.,
2009).
2.5. Model evaluation

We calculated two model performance measures that have
been formulated for use in situations where absences are unavail-
able. First, for each model we calculated the mean area under the
receiver operating characteristic curve (AUC) (plotting model
sensitivity [errors of commission] against 1-specificity [errors of
omission]): a random prediction will result in an AUC value of
0.5 whereas a perfect prediction assumes the maximum possible
AUC of 1.0 (Fielding and Bell, 1997), and AUC values >0.75 are suit-
able for conservation planning (Pearce and Ferrier, 2000, but see
Lobo et al., 2008). Second, we calculated mean omission error as
the percentage of the withheld 10% test sample of presence points
not predicted to fall within suitable habitat. To distinguish suitable
from unsuitable habitat along Maxent’s continuous habitat suit-
ability index, we used the point on the AUC where model sensitiv-
ity is equal to specificity (sensitivity–specificity equality approach,
Liu et al., 2005). However, because AUC is sensitive to the L1-reg-
ularization term, and omission error is highly sensitive to the
amount of habitat predicted to be suitable, it cannot be used to
compare model performance directly (Anderson et al., 2003). To
allow for direct comparison of model performance, we calculated
‘standardized omission error’ based on binary habitat maps with
the same amount of suitable area, which we set at the mean per-
centage of suitable area (0.08% of the total study area) predicted
across all SDMs.

To evaluate the ability of each remotely sensed predictor class,
separately and in combinations, to predict St. Francis’ satyr pres-
ences, we compared our model performance measures (as depen-
dent variables) against each of our seven groups of Maxent models
(the factors) using two-way ANOVAs. For all significant ANOVA
tests, post hoc pair-wise comparisons with Tukey’s HSD tests were
used to further investigate differences in model performance among
the seven Maxent models. We also examined each SDM’s heuristic
estimates of how each predictor variable influenced the final model
prediction (Phillips and Dudík, 2008). Lastly, we evaluated the
importance of the number of predictor variables in SDM perfor-
mance using ANCOVA analyses, with AUC values and standardized
omission error as dependent variables, number of predictor
variables as factors, and number of predictor classes as covariates.
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Statistical analyses were conducted using R (R Development Core
Team, 2011), and all means are reported ±1 Standard Deviation (SD).
3. Results

Overall, our SDMs performed well in predicting St. Francis’ satyr
habitat suitability. Mean AUC values across all models
(0.95 ± 0.049; max possible is 1.0) fell within the range of excellent
performance (AUC > 0.9, Pearce and Ferrier, 2000; Swets, 1988),
while both mean omission rate (0.15 ± 0.06; 0.0 and 1.0 is best
and worst respectively) and mean standardized omission rate
(0.13 ± 0.12) were relatively low. All of our SDMs suggest that suit-
able St. Francis’ satyr habitat is highly restricted, ranging from
0.03% to 0.22% of the total study area (Table 2). SDMs combining
all three remotely sensed predictor classes performed best in pre-
dicting St. Francis’ satyr presences; the full model (together with
the terrain-land cover model) had the highest mean AUC, and the
lowest mean standardized omission error. Conversely, each of the
three one-class SDMs performed, on average, worse than those
SDMs combining two and three classes, for both AUC and standard-
ized omission error (Table 2). Despite predicting the greatest pro-
portion of suitable habitat, the SDM based on only vegetation
structure captured the least amount of the test sample of presence
points, making it the worst performing model.

Comparisons of both AUC values (F6,63 = 131.94, P < 0.001,
r2 = 0.926) and standardized omission errors (F6,63 = 63.20,
P < 0.001, r2 = 0.858) indicated statistically significant differences
in model performance among our seven Maxent models (Table 3).
Notably, the SDM based on only terrain predictors performed sig-
nificantly better than any other single-class model, while SDMs
combining terrain variables with other classes performed signifi-
cantly better than models without terrain variables. Lastly, the
number of variables included in an SDM strongly influenced model
Table 2
Mean values for each SDM’s logistic threshold (specificity-sensitivity equality threshold app
10% test sample of presence points), amount of suitable habitat, and standardized omission
All means reported ±1 SD.

Predictor classes Number of
predictor
variables

Logistic
threshold

AUC value

Terrain 5 0.22 ± 0.02 0.97 ± 0.01
Land cover 9 0.21 ± 0.02 0.96 ± 0.01
Vegetation structure 5 0.21 ± 0.03 0.83 ± 0.04
One-class model means – 0.21 ± 0.02 0.91 ± 0.08
Terrain-Land cover 14 0.14 ± 0.02 0.98 ± 0.01
Terrain-Veg. structure 10 0.16 ± 0.03 0.97 ± 0.01
Land cover-Veg. structure 14 0.19 ± 0.01 0.97 ± 0.02
Two-class model means – 0.16 ± 0.03 0.97 ± 0.01
Full model (all variables) 19 0.16 ± 0.03 0.98 ± 0.01

Table 3
Difference in mean AUC values (above diagonal; ANOVA: F6,63 = 131.94, p < 0.001, r2 = 0.926
diagonal; ANOVA: F6,63 = 63.20, p < 0.001, r2 = 0.858) for Maxent models predicting St. F
variables. Significant differences (Tukey’s multiple comparisons, 2-tailed, 95%) are indicat

Predictor class Terrain Land cover Veg. structure

Terrain 0.01 ± 0.02 0.16 ± 0.02**

Land cover 0.09 ± 0.07** 0.14 ± 0.02**

Veg. structure 0.33 ± 0.07** 0.24 ± 0.07**

Terrain – Land cover �0.04 ± 0.07 �0.13 ± 0.07** �0.37 ± 0.07**

Terrain – Veg. structure 0.02 ± 0.07 �0.07 ± 0.07 �0.31 ± 0.07**

Land cover – Veg. structure 0.01 ± 0.07 �0.08 ± 0.07* �0.32 ± 0.07**

Full model (all variables) �0.04 ± 0.07 �0.13 ± 0.07** �0.37 ± 0.07**

* <0.05 Significance.
** <0.01 Significance.
performance. After accounting for the number of classes included
in each model, models with many variables had significantly
higher AUC values than those with few variables (ANCOVA,
F1,66 = 7.66, P = 0.007). However, we found no significant differ-
ences in standardized omission error values among models with
different numbers of variables. Further investigation suggested
that predictor class might be more important than absolute
number of variables. Although not always statistically significant,
the terrain-only SDM (5 predictor variables) was more reliable in
predicting St. Francis’ satyr presences than the land cover-only
SDM (9 predictor variables) and land cover-vegetation structure
SDM (14 predictor variables) (Table 2).

The permutation importance values (which are less sensitive to
variable order than variable importance values) of our best-per-
forming SDM (the full model) suggest that at least some predictor
variables from all three remotely sensed predictor classes contrib-
uted to model reliability (Table 1). The most important predictor
variables were: a land cover predictor, summer–winter greenness
differences (41.3%), followed by two terrain predictors, slope
(25.3%) and relative slope position (10%). Canopy density was the
fourth-largest contributor (8.5%) to the final model prediction,
and the only vegetation structure predictor contributing more than
5% of the overall prediction. The influence of these predictor vari-
ables on occurrence reflects St. Francis’ satyr’s presence in streams
and floodplains (from terrain predictors) with semi-deciduous veg-
etation (from land cover) and an open canopy (from vegetation
structure) (Fig. A1).

Competing SDMs resulted in considerable overlap in the extent
of predicted suitable St. Francis’ satyr habitat (Fig 1). Importantly,
areas of suitable habitat predicted from SDMs combining two dif-
ferent predictor classes resembled the intersection of those two
predictor classes when considered in isolation (Fig 1). This habitat
prediction pattern was also observed when all three predictor clas-
ses were modeled together. Despite predicting the least amount of
roach), Area Under Curve (AUC) values, test sample omission error (calculated from a
error (0.08% of total area assumed suitable) for St. Francis’ satyr using Maxent models.

Omission error
(proportion)

Standardized omission
error (proportion)

Suitable habitat
(% of total area)

0.07 ± 0.08 0.07 ± 0.05 0.07 ± 001
0.12 ± 0.07 0.17 ± 0.06 0.08 ± 0.01
0.27 ± 0.06 0.41 ± 0.08 0.22 ± 0.02
0.18 ± 0.10 0.22 ± 0.16 0.12 ± 0.07
0.13 ± 0.08 0.04 ± 0.02 0.04 ± 0.00
0.12 ± 0.07 0.10 ± 0.04 0.06 ± 0.01
0.13 ± 0.07 0.08 ± 0.06 0.05 ± 0.01
0.13 ± 0.07 0.07 ± 0.05 0.05 ± 0.01
0.10 ± 0.06 0.03 ± 0.03 0.03 ± 0.01

), and standardized omission error (suitable habitat fixed at 0.08% of study area, below
rancis satyr occurrences, composed of terrain, land cover, and vegetation structure
ed with an asterisk. All means, calculated as rows minus columns, reported ±1 SD.

Terrain –
Land cover

Terrain – Veg.
structure

Land cover – Veg.
structure

Full model
(all variables)

�0.01 ± 0.02 �0.00 ± 0.02 �0.00 ± 0.02 �0.01 ± 0.02
�0.03 ± 0.02* �0.01 ± 0.02 �0.01 ± 0.02 �0.03 ± 0.02*

�0.17 ± 0.02** �0.16 ± 0.02** �0.16 ± 0.02** �0.17 ± 0.02**

0.01 ± 0.02 0.01 ± 0.02 �0.00 ± 0.02
0.06 ± 0.07 �0.00 ± 0.02 �0.01 ± 0.02
0.05 ± 0.07 �0.01 ± 0.07 �0.01 ± 0.02
�0.00 ± 0.07 �0.07 ± 0.07 �0.05 ± 0.07



Fig. 1. Distribution of suitable habitat along an example drainage on Ft. Bragg, NC, to illustrate the differences in predictions between terrain, land cover, and vegetation
structure variables in predicting St. Francis’ satyr presences.
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suitable habitat (Table 2), the SDM combining all predictor classes
predicted suitable habitat towards the northeast; these areas were
not predicted by the terrain-based SDM, and therefore a reflection
of the land cover class’ strong influence on the final prediction (Fig
1).

We found little correlation between our predictor variables
(Table B1). Terrain variables provided the greatest amount of un-
ique information, with only one (Pearson’s correlation value of
0.54 for relative slope position vs. terrain shape) of 99 pair-wise
comparisons providing a correlation >0.3. Among the 85 pair-wise
combinations of each vegetation structure and other variables, four
combinations provided correlations >0.3 but <0.5, while one
comparison yielded a correlation greater than 0.5 (density of
understorey vs. shrub layer: 0.59). Among the 90 pair-wise combi-
nations of each land cover and other variables, eight correlations
fell between 0.3 and 0.5, twelve correlations between 0.5 and
0.7, and six correlations between 0.7 and 1. However, apart from
the six correlations between 0.3 and 0.5 (comprising comparisons
between subcanopy density and each summer and winter land
cover index), all values higher than 0.3 were from comparisons
among different land cover indices.
4. Discussion

Our estimates of SDM reliability indicate that we were success-
ful in exclusively using continuous remotely sensed predictor vari-
ables to model a rare species’ habitat suitability. By comparing
model reliability of SDMs consisting of conceptually independent
predictor classes, we also found that all remotely sensed classes
contributed, though disproportionately, to final model predictions.
Moreover, the variety of variables included in each SDM contrib-
uted more to model reliability than the number of variables. Our
results, admittedly based on a single study case at a local scale,
suggest that increasing the variety of continuous remotely sensed
variables leads to significant improvements in SDM reliability. Fur-
ther research is required to confirm whether our approach, which
is highly flexible, is applicable to other species, spatial scales, mod-
eling algorithms, and predictor variables.

Our study confirms that current remote sensors are able to pro-
vide environmental predictor variables relevant to SDMs (Laurent
et al., 2005; Bradley and Fleishman, 2008; Bistrat et al., 2011).
Despite challenges in interpreting remote sensing-based SDM
output (Bradley and Fleishman, 2008; Cord and Rödder, 2011),
remotely sensed datasets provide unbiased, high-resolution envi-
ronmental data over larger areas through logistically and econom-
ically more efficient means than traditional field-based methods
(Gillespie et al., 2008). Continuous remotely sensed products retain
information along environmental gradients (Bradley and Fleish-
man, 2008; McGarigal et al., 2009; Cord and Rödder, 2011) and
thus reduce classification and interpretation errors common in cat-
egorized predictor variables (Laurent et al., 2005; McGarigal et al.,
2009). This is particularly beneficial when modeling species distri-
butions at ecological transitional zones or in heterogeneous envi-
ronments that are difficult to characterize using categorical or
interpolated predictor variables (Álvarez-Martínez et al., 2010).
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The availability of an up-to-date time-series of synoptic products
(Turner et al., 2003) allows researchers to track temporal changes
in habitat availability (Bartel and Sexton, 2009; Tuanmu et al.,
2011), assess catastrophic and human–driven environmental
changes (Tuanmu et al., 2011), as well as account for inter-annual
and seasonal changes in the environment (this study, Cord and
Rödder, 2011; Tuanmu et al., 2011). Furthermore, the consistency
and near global coverage of many remotely sensed products may
allow for greater model transferability over space, a major chal-
lenge of SDMs (Randin et al., 2006).

The choice of predictor variables significantly influences SDM
predictions (Peterson and Nakazawa, 2008). We found that utiliz-
ing a greater variety of remotely sensed predictor variables pro-
duced more accurate models than solely increasing the number
of variables, perhaps because more predictor classes capture a
greater amount of environmental variation, including complemen-
tary attributes not detected in single-sensor models (Swatantran
et al., 2012). Our results support this, particularly our maps show-
ing how areas of suitable habitat predicted from multi-sensor fu-
sion resembled the intersection of those predicted for each class
when considered in isolation. The availability of multiple remotely
sensed datasets allows modelers to simultaneously use climate,
terrain, land cover, and vegetation structure classes with great ease
over larger spatial scales (Gillespie et al., 2008), which in turn al-
lows researchers to detect more subtle variations in a species’ hab-
itat than obtained from single-class models (Swatantran et al.,
2012). It would be interesting to know how downscaled models
would respond to the inclusion of remotely sensed climate predic-
tors at broader scales, assuming that climatic predictors correlate
with terrain predictors at local scales (Moore et al., 1990; Tarboton,
2009), and land cover predictors at coarse scales (Zimmermann
et al., 2007).

To overcome potential confusion when comparing between
increasing the variety of remotely sensed predictor variables and
the absolute amount of variables, we categorized remotely sensed
variables into four conceptually independent classes, of which we
used three. Even so, much variability exists within different clas-
ses, complicating the highly subjective task of increasing predictor
variable variety. Such decisions are important, because naively
maximizing the amount of SDM variables may compromise SDM
building through misleading results, while there is also a danger
of over-fitting (Elith and Leathwick, 2009; Tuanmu et al., 2011).
Two main schools of thought address the issue of model predictors
(Elith and Leathwick, 2009; Warren and Seifert, 2011). The first
school argues that the choice of variables should be made a priori,
based on existing knowledge of ecophysiological and biophysical
processes driving a species’ distribution. The second school argues
for maximizing the number of variables, and allowing the model to
identify those that are important. Our results support aspects from
both schools: maximizing the number of variables did not
necessarily improve model predictions. However, the inclusion of
environmental variables aimed at maximizing the types of envi-
ronmental variation also improved our understanding of a rela-
tively unknown species’ relationship with its environment; such
information may otherwise have been lost if those variables were
omitted a priori. The difference between these two schools reflects
subtle differences in intention (Elith and Leathwick, 2009). While
the first school focuses on examining a species’ response to a spe-
cific set of variables, the second school focuses more on prediction,
especially for species for which little knowledge exist. So, in es-
sence, the first approach avoids overfitting by placing greater
emphasis on fundamental, invariant niche relationships, whereas
the latter approach merely seeks empirical patterns.

While terrain and land cover variables are expected to strongly
influence SDMs at local scales (Pearson and Dawson, 2003), we
were surprised by the weak contribution of vegetation structure
to our model predictions. In fact, our full model hardly improved
upon models that did not include (expensive) vegetation structure
variables. Vegetation structure is generally important in SDMs
(Kattwinkel et al., 2009). We also expected that vegetation struc-
ture would contribute to habitat suitability for St. Francis’ satyr,
as suitable habitat – early successional wetlands – is distinct from
the surrounding landscape (Kuefler et al., 2008). We propose three
explanations. First, and most likely, correlations among vegetation
structure and other variables may reduce the predictive power of
variables relating to vegetation structure (Swatantran et al.,
2012). Though we detected little to no correlation among vegeta-
tion structure and other variables, it is possible that terrain and
land cover variables together already captured similar aspects of
the environment (see Bolstad et al., 1998; Hill and Thompson,
2005), leading to undetected correlations among variables. If corre-
lations between vegetation structure and the combination of other
sources of remotely sensed variables exist, then habitat suitability
can be detected with high accuracy using freely available remotely
sensed data (i.e. terrain and land cover variables) without the need
to obtain expensive and sparsely distributed vegetation structure
variables (Swatantran et al., 2012). Second, suitable St. Francis’
satyr habitat changes rapidly (Kuefler et al., 2008); consequently
there may be a mismatch between our vegetation structure
variables, collected 2 years before our St. Francis’ satyr presences,
and St. Francis’ satyr habitat we attempted to model. Third, vege-
tation structure alone may not play a prominent role in habitat
suitability; Wilsey et al. (2012) found that vegetation structure im-
proved SDMs of black-capped vireos, Vireo atricapilla, only when
used in combination with other variables and in the absence of
other vegetation variables.

In light of this, we show that continuous remotely sensed pre-
dictor variables, which offer many notable advantages over cate-
gorical variables, can be used exclusively and effectively in SDMs
to estimate a species’ distribution, habitat status, and ecological
needs. While we have used only a small subset of potentially useful
remotely sensed variables, a great number exist. Incorporating a
wider range of remote sensing predictor classes into models can
significantly improve model reliability, and detect highly subtle
variations in a species’ habitat needs. The application of continuous
remotely sensed variables shows high promise to obtain direct,
accurate, relatively inexpensive, and logistically feasible habitat
assessments, even for little known species in remote and inacces-
sible terrain.
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