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ABSTRACT
Aim We aim to map the distribution of four heath and shrub formations

constituting habitats of high conservation priority in Europe, whose occurrence is
strongly dependent on human activities. Specifically, we assess whether the use of
LANDSAT data in habitat distribution modelling may account for land use
management, allowing accurate mapping of real distribution patterns. In
particular, we explore whether reflectance values may be a better alternative to
other remote sensing data traditionally used in modelling approaches (i.e. spectral
vegetation indices and classified land cover maps). Finally, we test whether
modelling performance is affected by the ecological traits of the dominant species
of the target formations.
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Location Cantabrian Mountains (NW Spain).
Methods We generated maps for the four formations (two specialists vs. two
generalists) using MaxEnt. First, we ran the models with environmental predictors
only (topography, climate, lithology and human disturbances). Then, we
compared the advantages of including, in turn, different data derived from
LANDSAT imagery: reflectance values (corresponding to different wavelength
channels of the multispectral image), a spectral index and a land cover map. We
assessed changes in explanatory power and also in the formation’s predicted
distribution patterns.
Results Formations dominated by specialist species were accurately mapped on a
base of environmental variables only, whereas those dominated by generalists
were overpredicted. Average mean temperature, southness and distance to urban
areas were the variables contributing most in predictions of environmental
models. LANDSAT channels increased the accuracy of all models, but mainly
those for formations dominated by generalist species. They showed advantages
against other remote sensing data traditionally used in modelling approaches.
Main conclusions Habitat distribution models allowed accurate mapping of
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heath and shrub formations. The use of reflectance values as predictors improved
the accuracy of the models, particularly for formations dominated by generalist
species, supplying environmental information that was otherwise unavailable.
Keywords
Conservation, human activities, life traits, Maxent, reflectance values, threshold.

INTRODUCTION
Species distribution models (SDMs) provide a means for
exploring the relationship between field observations of species
occurrence and environmental predictor variables. They can

provide ecological and evolutionary insights and can be used to
predict distributions across landscapes (Elith & Leathwick,
2009). While the response is usually that of a single species,
alternatives are possible, including vegetation or habitat types.
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The latter, habitat distribution models (HDMs), require that
the habitat type is clearly distinct and identifiable and that
ecologically the set of species making up that type responds
coherently to a suite of predictors. During the last two decades,
a broad range of modelling techniques have been developed
and tested (see Elith & Leathwick, 2009 and Franklin, 2009 for
reviews). However, model realism and robustness may be
influenced not only by techniques but also by other factors,
including the nature and ecological meaning of the chosen
predictors (Austin, 2002) and the ecological traits of the species
under study (McPherson & Jetz, 2007; Evangelista et al., 2008).
Among many different predictors that can be used to model
species and habitat distribution, those obtained by remote
sensing techniques can be very useful (Franklin & Wulder,
2002; Kerr & Ostrovsky, 2003) because they play an important
role in describing land use and land cover, vegetation status or
soil moisture at a regional scale. They have been incorporated
in models since the 1990s (Franklin, 2009), usually as classified
land cover maps (Luoto et al., 2002; Pearson et al., 2004;
Thuiller et al., 2004; Newton-Cross et al., 2007) or as spectral
indices derived from multispectral channels recorded by
airborne or satellite-borne sensors (e.g. Osborne et al., 2001;
Suárez-Seoane et al., 2002; Zimmermann et al., 2007; Buermann et al., 2008).
However, remote sensing classification outputs (land cover
maps) always contain an element of uncertainty (Steele et al.,
1998; Metternicht, 2003; Shao & Wu, 2008). First, it can be
difficult to discriminate between vegetation units with similar
structure and spectral response (see one example in Dı́az et al.,
2008 using LANDSAT imagery). Second, at habitat boundaries
there is always some confusion regarding which category to
assign to a given pixel (Lewis et al., 2000; Bradley & Mustard,
2005). This is especially relevant when classifications are
performed in heterogeneous landscapes (Álvarez-Martı́nez
et al., 2010), such as mountain systems (Lasanta et al., 2006;
Morán-Ordóñez et al., 2011). As a consequence, the accuracy/
quality of the distribution models in these particular areas may
be inadequate for ecological applications (e.g. planning
conservation strategies).
In comparison, the use of spectral indices may help to avoid
these uncertainties. Numerous indices have been calculated
and demonstrated to be as efficient as land cover maps in
distinguishing between generalized vegetation types, while
providing further information on the amount of vegetation
and its status. These mainly rely on information provided by
visible and near-infrared wavelengths, which are highly correlated with biomass accumulation, leaf chlorophyll levels and
photo synthetically active radiation absorbed by the canopy
(Lillesand et al., 2008). The indices most commonly used in
distribution models are the Normalized Difference Vegetation
Index (NDVI; Rouse et al., 1973) and the Green Vegetation
Index (GVI; see Zimmermann et al., 2007 for an example
application); others include spectral products like the Leaf Area
Index (LAI; e.g. Buermann et al., 2008). However, these indices
focus on a narrow window of the electromagnetic spectrum,
thereby excluding a priori a range of wavelengths that could

provide ecologically meaningful information for distribution
modelling. Alternative approaches may use either spectral
indices integrating all channels of the spectra (i.e. Tasseled Cap
transformations; Crist & Cicone, 1984; see one example in
Stickler & Southworth, 2008) or each channel (reflectance
values) of a multispectral image independently. The first
option informs about general properties such as terrain
brightness, vegetation greenness or terrain wetness from a
fixed and unbalanced combination of bands defined by the
applied algorithm. However, the second option allows any
combination of bands, giving freedom to the SDM for selecting
and weighting the bands as appropriate for the target species/
habitat type. However, to our knowledge, this approach
remains unexplored.
Other factors that may influence the accuracy of the final
predictions are the ecological traits of the target species (e.g.
niche width and range size; McPherson & Jetz, 2007). In a
study of the effect of the role of a species’ ecological niche and
prevalence on model’s accuracy, Brotons et al. (2004) observed
that it is difficult to obtain accurate estimates of generalist
species, regardless of the modelling approach used. A widespread species is more likely to occur within heterogeneous
environments and, therefore, there may be a high number of
factors determining its distribution (Osborne & SuárezSeoane, 2002; Suárez-Seoane et al., 2008). Heterogeneity
makes it difficult for model algorithms to distinguish suitable
environment from the overall area. In contrast, specialist
species with narrow ecological niches can be modelled with
higher accuracy (McPherson et al., 2004; Tsoar et al., 2007);
though, that result is admittedly sometimes influenced by the
method for evaluating the result, and particularly the chosen
extent (Elith et al., 2006).
In mountain systems, ecological conditions often change
substantially over relatively short distances, providing a wide
range of environments and hence diversity of habitats and
species (Becker & Bugmann, 2001). Consequently, mountains
supply important ecosystem services (Millennium Ecosystem
Assessment, 2003) and are valuable areas for biodiversity
conservation, especially in the face of impacts from global
change (MacDonald et al., 2000; Mottet et al., 2006; Rutherford et al., 2008). The Cantabrian Mountains (NW Spain) are
located at the junction of the Mediterranean and Euro-Siberian
regions, where important changes to species diversity are
expected to occur (Thuiller et al., 2005). As they represent the
south-westernmost distribution limit for many Euro-Siberian
species, they are an ideal location for long-term conservation
of genetic diversity and evolutionary potential (Hampe & Petit,
2005). Hence, more than half the land surface of this mountain
range is now protected under the framework of the Natura
2000 network (Annex I of Habitats Directive, 92/43/EEC;
Anon, 1992). These protected areas include several heath and
shrub formations, whose occurrence mainly depends on
traditional rural practices (Ostermann, 1998) including transhumance pastoral systems (i.e. grazing, cutting and burning;
Calvo et al., 2005, 2007). Shrub and heath habitats have a low
economic value but a high value in terms of conservation
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because of other services they provide (i.e. prevention of soil
erosion, carbon storage and reservoir of genetic biodiversity;
Wessel et al., 2004; Harrison et al., 2010). Even though they
are protected at some sites, they still suffer from lack and
inadequacy of management, as well as from fragmentation
owing to different land use practices. Management and
conservation programmes would benefit from accurate estimates of the spatial distribution of these habitats, as well as
knowledge of the environmental drivers behind them.
In this context, we aim to map the current distribution of
four dominant heath and shrub formations in the Cantabrian
Mountains that are included in Annex I of Habitats Directive
92/43/EEC (Anon, 1992) following a habitat modelling
approach. Particularly, we assess whether the inclusion, as
covariates, of data derived from the LANDSAT satellite
improves the accuracy of model predictions over models with
only environmental variables. We also explore whether reflectance values (channels) are a better alternative than more
traditionally used remote sensing data (i.e. spectral indices and
classified land cover maps). Finally, we investigate whether (1)
remote sensing data provides necessary and otherwise unavailable land use information for predicting the current distribution of our target habitats and (2) predictive performance of
models is affected by the ecological traits of the dominant
species (specialist vs. generalist) of the target formations.
METHODS
Study area
The study area spans the southern slope of the Cantabrian
Mountains in León province (NW Spain) (Fig. 1), covering
about 3266 km2. Elevation ranges from 877 to 2412 m.a.s.l.
This area lies at the limit of two main biogeographic regions:
Atlantic/Euro-Siberian and Mediterranean, where four bioclimatic belts ranging from supramediterranean to subalpine
can be identified (Rivas-Martı́nez et al., 1987). Annual average
rainfall varies from 700 to 1573 mm, while mean temperatures
fluctuate from 8.2 to 9.9 C. Atlantic vegetation consists of
deciduous forests (Fagus sylvatica, Betula pubescens, Quercus
petraea, Q. robur), and heathlands of Calluna vulgaris on
shadowed and humid northern slopes. Mediterranean vegetation (Q. pyrenaica, Q. ilex) can be found on sunny and drier
slopes. The lithology is also diverse, from massive carboniferous limestones to slate with coal grains, sandstones, crystal
quartzites and conglomerates (Gómez & Rodrı́guez, 1992).
Ecology of the dominant species in the target habitats
and sample collection
Four heath and shrub habitats recorded in Annex I of the
Habitats Directive (92/43/EEC; Anon, 1992) were chosen as
study cases: European dry heaths (habitat code 4030), alpine
and boreal heaths (4060), endemic oro-Mediterranean heaths
with gorse (4090) and sclerophyllous scrub communities
represented by Cytisus purgans and Genista florida formations
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(5120). These four are the most widespread and common
shrub and heath–dominated habitats within the study area.
Cantabrian heathland formations dominated by C. vulgaris (a
specialist species) represent the southernmost examples of
habitat 4060 in Western Europe. They can be found at the
highest elevations, growing over acid and poor soils and linked
to grazing transhumance systems (Calvo et al., 2007). Another
specialist species, Genista hispanica subsp. occidentalis, dominates shrub formations constituting the habitat 4090 that occur
on sunny and dry slopes, growing only over thin base-rich soils
mainly linked to limestone rocks. Erica australis (a generalist
species) dominates habitat 4030 and occurs in acid, dry and
thin soils. It covers large areas because of its good regeneration
response after burning (Calvo et al., 2002). Fire is one of the
main conservation problems in the study area, as well as one of
the common management methods used by shepherds to
reduce the proliferation of woody species (Calvo et al., 2005).
The remaining generalist shrubs, C. purgans and G. florida,
dominate habitat 5120 and occur in acid, structured and deep
soils (rich in nitrogen). Genista florida mainly grows in
abandoned fields close to valley bottoms, associated with forest
soils, while C. purgans occurs in deep soils at higher elevations.
Occurrence locations for the four formations were collected
through fieldwork in 2005, with random surveys targeting the
full environmental variation in the study area and aiming to
find at least 100 records of each formation. These resulted in
142 records of C. vulgaris heathlands, 102 of G. hispanica
subsp. occidentalis shrub, 177 of E. australis heathland and 165
of G. florida and C. purgans shrub formations.
Predictor variables
Four different groups of ecologically meaningful environmental variables were chosen as predictors: (1) Topographic: the
primary topographic attributes considered were elevation,
slope and southness (as a measure of aspect), all extracted from
a 30-m digital elevation model (DEM; Junta de Castilla y
León). Secondary terrain attributes were also computed from
the 30-m DEM to describe patterns as a function of processes.
First, flow accumulation (FWA) and a topographic wetness
index (TWI) were calculated as indicators of soil moisture
(Moore et al., 1993). Second, multiresolution valley bottom
flatness (MrVBF) and multiresolution ridge top flatness index
(MrRTF) were computed as measures of flatness in valley
bottoms and ridge tops, respectively, according to the methods
in Gallant & Dowling (2003). (2) Climatic: annual averaged
minimum, mean and maximum temperature, total annual
rainfall and total annual radiation were derived from the
Climatic Digital Atlas of the Iberian Peninsula (Ninyerola
et al., 2005) at 200 m spatial resolution. (3) Lithology: the
proportion of limestone in the immediate neighbourhood
(based on a 3 · 3 array) of each pixel was estimated from a
lithologic map provided by the Junta of Castilla y Léon (scale
1:50,000). (4) Human influence: quantified as the Euclidean
distance to villages. All environmental predictors were resampled to 30 m (when required) in order to match their pixel size
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Figure 1 Location of the study area in the north of León province, Spain.

with the LANDSAT spatial resolution. Moreover, urban areas,
quarries and reservoirs were masked out from the study area to
avoid predictions of the models in known unsuitable areas.
We also used three different types of remote sensing
variables in our study. (1) Reflectance values of the channels
of a LANDSAT image. (2) The Normalized Difference Water
Index (NDWI; Gao, 1996). This combines near-infrared (NIR;
LANDSAT channel 4) and shortwave infrared (SWIR; LANDSAT channel 5) wavelengths, as (NIR)SWIR)/(NIR + SWIR).
The reduction in reflectance of SWIR compared to NIR is
attributed to absorption of water in tissues, so that the index
value can be used as an estimation of water content in the
vegetation. We chose this index after an initial modelling
exploration, on the basis that it comprises two informative
channels for these heath formations. (3) A land cover map
derived from a supervised classification process (maximum
likelihood algorithm) made on a LANDSAT scene of 2004. The
average classification accuracy of the map, based on a
confusion matrix, was 90% (Morán-Ordóñez et al., 2011). It
consisted of five categories: rock/bare ground, herbaceous
vegetation (including meadows and pasturelands), shrublands
(including shrublands and heathlands), coniferous afforestations and forests.
Reflectance values corresponded to the corrected digital
numbers (DN) of the channels of a LANDSAT TM image from
June 2005. Initially, we used all channels from one to seven
(30 m spatial resolution), except the thermal band (six). Band
six follows different protocols for atmospheric and radiometric

corrections and would need unavailable field measurements for
interpretation and correction. We also already had temperature data for the model so were not concerned at excluding the
thermal band. The whole scene was pre-processed in three
steps. First, a geometric correction was performed following
the polynomial method proposed by Palá & Pons (1995),
which uses as reference ground control points extracted from
aerial photographs and a 30-m resolution DEM (Junta de
Castilla y León) to minimize geometric errors. It was
implemented in the software Miramon (Pons, 2002). Sixtyfour ground control points were used for the geometric
correction; two-thirds of them were used to correct the image
and the rest of the points were used to validate the results. The
root mean square Error (RMSE) was lower than the pixel size
(18.23). Then, we applied a radiometric correction based on
the algorithms developed by Markham & Barker (1986) and
Morán et al. (1992), while the atmospheric correction followed
the transmittance model (COST) proposed by Chávez (1996).
Down-welling transmittance values for channels five and seven
were taken from Gilabert et al. (1994), because their study area
had atmospheric conditions more similar to ours than the area
used by Chávez (1996). Finally, in order to compensate the
different solar illuminations owing to the shape of the terrain, a
topographic correction was applied following the non-Lambertian C-correction method (Teillet et al., 1982; Riaño et al.,
2003). Corrected reflectance values were included as predictors
in the models. Each band provides different information on
physical properties of the land surface based on the special
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absorbance behaviour of each terrestrial feature, which is
recorded at the different wavelengths of the spectra.
In order to minimize multicollinearity problems in subsequent analyses, pairwise correlations between all the predictors were calculated as Pearson’s coefficients on a random
sample of 10,000 points across the whole study area (see
Appendix S1 in supporting information for details in correlations). We selected a subset of variables, with maximum
pairwise correlations of 0.71 (Tabachnick & Fidell, 1996). For
the environmental variables, we aimed to keep those variables
with a more direct interpretation from the point of view of the
ecology of the species (i.e. retaining temperature versus
elevation, because the first is an ecological factor directly
influencing the growth and distribution of plants, while the
second only has indirect effects). Lastly, we ran a descriptive
statistical analysis on the final predictors included in the
models (Table 1) to characterize the environments occupied by
each heath–shrub formation.

of suitable–unsuitable areas using two different thresholds or
‘cut-offs’: (1) ‘Maximum training sensitivity plus specificity’,
which maximizes the sum of sensitivity (proportion of actual
positives that are correctly identified) and specificity (proportion of negatives that are correctly identified) and has been
considered a useful measure (Liu et al., 2005) and (2) ‘Equate
entropy of thresholded and original distributions’, which was
introduced by Phillips et al. (2006), and it has not been
widely explored. We assessed how the choice of a specific
threshold changed the area predicted per formation. We also
evaluated how it influenced the fit of the final Boolean maps
to the real habitat distributions, by calculating the true
positive rate (TPR), that is, the proportion of test (30%)
presence records that were correctly predicted (at both
thresholds). We calculated the mean value of this statistic,
as well as 95% confidence intervals, over 1000 bootstrap
replicates.
RESULTS

Modelling framework
The modelling technique selected in this study was the
maximum entropy approach (MAXENT; Phillips et al., 2006)
because of its reliable performance (Elith et al., 2006) and the
nature of the dependent variable. While our surveys provided
information on the presence or absence of a formation, we do
not interpret the absences as reliable indications of a lack of
suitable environments because the regional administration
manages the vegetation very intensively. Therefore, a method
which requires presence-only data seemed most appropriate.
MAXENT compares the probability density of covariates
across the presence sites with the probability density of
covariates across the background (i.e. the selected region)
and fits a model that minimizes the distance (measured as
relative entropy) between the two (Phillips et al., 2006; Elith
et al., 2011). This produces a model that is consistent with the
environments across the presence sites and yet as general as
possible. See Appendix S2 for details of selected settings for
MaxEnt.
For each formation, we first fitted a control model based
only on the environmental variables (ENV). We then fitted
three additional models using environmental predictors plus:
(1) reflectance values of the bands (LANDENV model); (2)
NDWI spectral index (NDWIENV); and (3) the classified land
cover map (COVERENV). Each model was run using 70% of
the presences (training data set), retaining the remaining 30%
for external evaluation (testing data set). These are called full
models. Tenfold cross-validation of these full models was
used to provide information on the uncertainty of the fitted
responses and predictive performance. Predictive performance
(cross-validated and on test data) was assessed using the area
under the ROC curve (AUC; Hanley & McNeil, 1982),
adapted for use with background samples (Phillips et al.,
2006).
Continuous outputs (probability from 0 to 1 for the
formation to be present) were converted into Boolean maps
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Tables 2 & 3 show the performance of both final and crossvalidated models for the formations dominated by specialist
and generalist species, respectively. The AUC values indicate
that heath distribution can be successfully predicted. The
highest predictive performance corresponded to formations
dominated by specialist species (AUCtest ‡ 0.9; C. vulgaris and
G. hispanica occidentalis; Table 2). In general terms, models
including remote sensing data (LANDENV, NDWIENV and
COVERENV) predicted better than environment-only variables
(ENV), particularly for generalist species (Table 3). LANDENV
models tended to show the highest predictive performance
among models including remote sensing predictors, and with
smaller deviations in cross-validated models. However, COVERENV also performed well for G. hispanica subsp. occidentalis,
and all models with remote sensing covariates (LANDENV,
NDWIENV and COVERENV) performed similarly for C. purgans plus G. florida. The inclusion of remote sensing variables
also affected the area predicted by each model, by diminishing
it in most cases (Table 4). This reduction ranged from 0.2 to
56.71% depending on the kind of model, the contribution of
the remote sensing variable within that model and the
threshold applied. LANDENV models usually produced the
largest cuts in the predicted area (Figs 2 & 3). Maximum
training sensitivity plus specificity threshold (MTSPS) was
more restrictive than the equate entropy of thresholded and
original distributions (ENT). This difference between thresholds was especially marked for models dealing with formations
dominated by generalist species (E. australis and C. purgans
plus G. florida). Figure 4 shows the impact of threshold choice
on the fit of the final Boolean maps to real habitat distributions. For formations dominated by specialist species, there
were no large differences in the TPRs both between type of
models and thresholds (95% confidence intervals largely
overlapping). However, for those dominated by generalist
species, models including remote sensing predictors produced
larger TPR than ENV models, and differences between
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Table 1 Environmental and remote sensing variables included in models.

Environmental variables
Topographic variables

Variable

Description

Slope (SLO)
Southness (STH)

Slope expressed in degrees
Measure of the aspect normalized to a )1 to 1 scale. Calculated as:
Cos ((aspect )180º) DIV degrees)
It quantifies the role of topography for redistributing water in the
landscape (Moore et al., 1993)
Measure of the flatness and lowness of the valley bottons
(Gallant & Dowling, 2003)
Measure of flatness in the ridge top parts of the terrain
(Gallant & Dowling, 2003)
Amount of water available flowing into each cell (Moore et al.,
1993)
Total annual rainfall (Ninyerola et al., 2005)
Annual average of mean temperature (Ninyerola et al., 2005)
Total solar radiation (Ninyerola et al., 2005)
Proportion of limestone pixels in a 3 · 3 array. Source: Junta of
Castilla y Léon (scale 1:50,000)
Euclidean distance from each pixel to the closest urban area (m)

Topographic wetness index (TWI)
Multi resolution valley bottom flatness index
(MrVBF)
Multi resolution ridge top flatness index
(MrRTF)
Flow accumulation (FWA)
Climatic variables

Lithology
Human disturbances
Remote sensing variables

Annual rainfall (RAI)
Annual mean temperature (Tmean)
Total annual radiation (RAD)
Limestones (LIM)
Distance to urban areas (EDIST)

Blue band (wavelength = 42–52 lm). It provides information on
the increased penetration of light in water bodies, being capable to
differentiate soil and rock surfaces from vegetation
Near infrared band (NIR; wavelength = 76–90 lm). It
distinguishes among vegetation varieties and conditions
Shortwave infrared band (SWIR; wavelength = 1.55–1.75 lm). It is
sensitive to the amount of water in both plants and soils
Calculated as (NIR)SWIR)/(NIR+SWIR). It accounts for moisture
content in vegetation (Gao, 1996)
A 5-category land cover map derived from a supervised
classification process (Morán-Ordóñez et al., 2011):
rock/bare ground, herbaceous vegetation, shrublands,
coniferous afforestations and forests

Band 1 LANDSAT (B1)

Band 4 LANDSAT (B4)
Band 5 LANDSAT (B5)
Normalized Difference Wetness
Index (NDWI)
Land cover map (COVER)

thresholds became more pronounced, especially in ENV
models. In general terms, the MTSPS threshold resulted in
the lowest true positive rate with values ranging from 50 to
83%, while ENT threshold was less restrictive, increasing
percentage of true positive rate predicted by Boolean maps
(effect emphasized in models dealing with formations dominated by generalist species). The LANDENV models produced
the highest TPR’s for half the model/threshold combinations,
with the other two remote sensing methods sharing best TPR
for the remaining combinations.
In most models, many variables were relatively unimportant,
with only three or four variables usually contributing more
than 10% explanation (Tables 2 & 3; see Appendix S3 for the
response curves of the main explanatory variables). Topographic wetness index, multiresolution valley bottom flatness
index, multiresolution ridge top flatness index, flow accumulation or total annual radiation always had small contributions
to the models. On the other hand, in ENV models, some
variables contributed strongly in all models: average mean
temperature (for all formations), southness (for formations
dominated by specialist species) and distance to urban areas

(for formations dominated by generalist species). For the
LANDENV, NDWIENV and COVERENV models, the importance
of the environmental variables was reduced and shifted
towards remote sensing parameters. That was specially marked
for generalist formations (Table 3; E. australis and C. purgans
plus G. florida). However, remote sensing data were less
important for specialist formations (Table 2) whose spatial
distribution is clearly driven by an environmental factor:
temperature (Calluna vulgaris) or presence of limestone
(Genista hispanica subsp. occidentalis).
Formations dominated by specialist species
Calluna vulgaris formations are present on northern slopes,
with lower mean temperature and higher average rainfall than
the other formations (see mean and SD in Table 2). Figure 2
shows that there are three main locations where they can be
found with higher probability (north-east, north-west and west
of the study area). This general pattern is identified by all
models, although LANDENV, NDWIENV and COVERENV
removed some of the patches predicted at low probability by
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SLO
STH
TWI
MRVBF
MRRTF
FWA
RAI
Tmean
RAD
LIM
EDIST
B1
B4
B5
NDWI
COVER
Full model – AUC
Cross-validated – AUC
Full model – AUC test

16.60
)0.60
9.7
0.08
0.02
11.47
1328
5.85
1893
0.08
2228
0.04
0.22
0.19
0.08
–

8.00
0.50
1.36
0.26
0.17
21.14
187
0.76
164
0.27
1165
0.01
0.03
0.03
0.08

4
15.5
1.8
0.2
0.7
0.2
8.9
30.9
3.6
1.8
3.1
2.2
22.6
4.6

0.99
0.97 ± 0.02
0.99

7.5
19.6
2.5
0.5
1.1
0.3
12.3
44.1
3.4
5.2
3.5

0.97
0.94 ± 0.04
0.93

LANDENV

0.98
0.95 ± 0.03
0.95

17.1

6.0
16.6
2.7
0.6
1.0
0.5
11.1
34.6
3.2
3.3
3.2

NDWIENV

3.3
0.98
0.95 ± 0.04
0.95

7.3
19.0
2.6
0.4
0.5
0.5
9.1
49.4
1.8
1.1
4.9

COVERENV
26.30
0.58
8.88
0.01
0
68.39
1122
6.59
2109
0.67
2172
0.05
0.31
0.23
0.17
–

9.15
0.45
1.84
0.12
0
394.43
150
0.74
106
0.41
1187
0.01
0.04
0.04
0.10

SD

0.94
0.91 ± 0.05
0.93

6.3
18.6
0
0.3
0.8
0.8
3.3
25.1
3.9
38.9
1.9

ENV

Mean

ENV

Mean

SD

Genista hispanica subsp. occidentalis

Calluna vulgaris

0.96
0.93 ± 0.03
0.95

3.8
16.5
0
0.5
0.7
0.5
1.4
21.1
2.3
32.4
1.6
8.4
9.3
1.4

LANDENV

0.94
0.89 ± 0.07
0.93

1.7

6.8
18.5
0
0.1
0.7
0.6
3.0
24.9
3.3
39.1
1.2

NDWIENV

20.4
0.96
0.92 ± 0.07
0.95

3.6
14.6
0.2
0.1
0.3
0.5
2.3
18.5
4.7
34.0
0.7

COVERENV

Table 2 Results of the models using environmental predictors alone (ENV models), and remote sensing data plus environmental predictors (LANDENV, NDWIENV and COVERENV models), for
habitats dominated by specialist species. The table shows the following: (i) the mean and standard deviation of each variable (for presence data); (ii) the contribution of each variable, in
percentage, to each model (variables contributing more than 10% are in bold); and (iii) AUC values for both full final and cross-validated models, and AUC of the testing data by the full model.
See Table 1 for the meaning of the variable codes.

A. Morán-Ordóñez et al.
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SLO
STH
TWI
MRVBF
MRRTF
FWA
RAI
Tmean
RAD
LIM
EDIST
B1
B4
B5
NDWI
COVER
Full model – AUC
Cross-validated –AUC (x ± SD)
Full model – AUC test

21.43
0.08
9.32
0
0.02
32.58
1202
6.75
2033
0.06
2284
0.04
0.22
0.17
0.13

7.28
0.79
1.42
0
0.15
235.62
204
0.74
216
0.2
1155
0.01
0.03
0.03
0.08

2.2
3.3
0.5
1.5
0.7
0.6
2.3
22.6
1
4
4.9
1.2
50.2
5.1

0.96
0.92 ± 0.03
0.91

4.0
6.8
0.7
4.2
2.1
1.7
3.1
45.3
3.1
17.8
11.2

0.90
0.83 ± 0.05
0.81

LANDENV
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0.93
0.86 ± 0.06
0.89

22.5

2.0
5.4
0.6
1.7
0.5
1.5
3.2
34.9
2.2
16.8
8.7

NDWIENV

26.8
0.91
0.84 ± 0.06
0.86

1.3
4.6
0.8
1.2
1.1
1.1
4.2
36.0
3.5
11.4
8.0

COVERENV
19.45
)0.02
9.3
0.02
0.03
44.57
1191
7.32
2017
0.21
1297
0.35
0.26
0.16
0.25

7.08
0.77
1.40
0.13
0.26
382.13
210
0.82
174
0.4
1025
0.04
0.44
0.24
0.09

SD

0.88
0.78 ± 0.05
0.70

12.2
7.0
4.3
5.9
6
1.8
5.4
25.7
4.5
5.4
21.8

ENV

Mean

ENV

Mean

SD

Cytisus purgans plus Genista florida

Erica australis

0.94
0.87 ± 0.05
0.79

2.6
4.1
2
2.8
2.4
0.7
1.2
12
2.2
5.1
14.4
7.9
10.6
32.1

LANDENV

0.88
0.77 ± 0.06
0.79

14.8

8.8
6.7
4.5
0.5
2.9
1.8
4.2
22.9
4.1
9.0
20.0

NDWIENV

35.5
0.89
0.80 ± 0.06
0.81

4.5
5.4
3.9
0.6
1.7
1.1
3.3
16.0
3.7
5.6
18.9

COVERENV

Table 3 Results of the models using environmental predictors alone (ENV models), and remote sensing data plus environmental predictors (LANDENV, NDWIENV and COVERENV models), for
habitats dominated by generalist species. The table shows the following: (i) the mean and standard deviation of each variable (for presence data); (ii) the contribution of each variable, in
percentage, to each model (variables contributing more than 10% are in bold); and (iii) AUC values for both full final and cross-validated models, and AUC of the testing data by the full model.
See Table 1 for the meaning of the variable codes.
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Table 4 Area predicted per each habitat by the performed models, regarding the total study area (expressed as a percentage; ‘%’ columns):
ENV (models including only environmental variables), LANDENV (models including also LANDSAT bands), NDWIENV (NDWI plus
environmental variables) and COVERENV (classified land cover map plus environmental variables). These percentages were calculated on the
basis of two different thresholds: maximum training sensitivity plus specificity (MTSPS) and equate entropy of thresholded and original
distributions (ENT). Columns ‘Change vs. ENV’ show the variation in the area predicted by models considering remote sensing predictors
(LANDENV, NDWIENV and COVERENV) compared with ENV models (e.g. [NDWIENV-ENV]*100/ ENV).

Habitat dominated by
Specialist
Calluna vulgaris
Genista hispanica subsp. occidentalis
Generalist
Erica australis
Cytisus purgans plus Genista florida

ENV

LANDENV

Threshold

%

%

Change vs.
ENV

%

Change vs.
ENV

%

Change vs.
ENV

MTSPS
ENT
MTSPS
ENT

8.6
9.1
15.0
17.0

5.9
5.6
7.4
11.9

)31.8
)39.0
)51.0
)29.9

7.1
7.3
14.0
16.9

)17.9
)20.0
)6.6
)0.2

7.6
8.4
11.8
14.5

)11.6
)8.4
)21.7
)14.4

MTSPS
ENT
MTSPS
ENT

19.3
35.9
17.2
43.5

12.6
15.5
16.1
22.0

)35.0
)56.7
)6.8
)49.4

20.5
26.0
16.0
41.6

6.3
)27.5
)7.2
)4.4

17.4
28.7
21.3
34.6

)10.1
)20.1
23.3
)20.4

NDWIENV

Genista hispanica subsp. occidentalis formations appear on
south-facing aspects, growing over limestone substrate, in areas
with relatively lower rainfall (see mean and SD in Table 2). All
models showed a core area of distribution in the north-central

ENV. Band 4 and NDWI were the second most important
contributors to the model explanations in their respective
models (LANDENV, NDWIENV; Table 2). Land cover classes
were not important.
(a)

(a)

(b)

(b)

(c)
0

10

COVERENV

km
40

20

(c)

Probability of presence
1
0.5
0

(d)

(d)

Calluna vulgaris

Genista hispanica subsp. occidentalis

Figure 2 Predictions for formations dominated by specialist species (logistic probabilities): (a) models based on environmental variables
(ENV); (b) models based on environmental variables plus reflectance values of LANDSAT image (LANDENV); (c) models based on
environmental variables plus NDWI (NDWIENV); and (d) models using environmental variables and a land cover map as predictors
(COVERENV). Left and right maps correspond to Calluna vulgaris and Genista hispanica subp. occidentalis predictions, respectively.
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(a)

(a)

(b)

(b)

(c)

(c)

0

10

km
40

20

Probability of presence

1
0.5
0

(d)

(d)

Cytisus purgans plus Genista florida

Erica australis

Figure 3 Predictions for formations dominated by generalist species (logistic probabilities): (a) models based on environmental variables
(ENV); (b) models based on environmental variables plus reflectance values of LANDSAT image (LANDENV); (c) models based on
environmental variables plus NDWI (NDWIENV); and (d) models using environmental variables and a land cover map as predictors
(COVERENV). Left and right maps correspond to Erica australis and Cytisus purgans plus Genista florida predictions, respectively.

part of the study area (Fig. 2). Of all remote sensing data, only
land cover category contributed significantly to explaining
Genista’s distribution (20.4%, COVERENV; Table 2), with
predictions across all categories but higher probability of
occurring on rock/bare ground and pasture land covers
(categories 1 and 2, Appendix S3).
Formations dominated by generalist species
Erica australis formations occur over acid substrates, in areas
with higher annual mean temperature than the other heathdominated habitat (C. vulgaris), and at a medium distance
from urban areas (see mean and SD in Table 3). ENV
predicted these formations to be present all around the study
area except the south-eastern part (Fig. 3), while inclusion of
remote sensing data predicted a more restricted distribution at
the north-east and west of the study area (especially LANDENV).
All remote sensing predictors contributed significantly to the
explanation of the models (Table 3), although it is mainly
remarkable that band 4 in LANDENV explained 50% (relegating
temperature to a second place, whereas it was the main
explanatory variable for the rest of the models). When land
cover types were considered in the model (COVERENV), this
formation most commonly occurred on rock/bare ground and
shrub categories (land cover categories 1 and 3 in Appendix S3).

Cytisus purgans plus G. florida formations occur in areas
with a higher average mean temperature than the rest of target
habitats, with low–moderate slope and close to the urban areas
(see mean and SD in Table 3). ENV and NDWIENV predicted
these formations to be present all around the study area but the
south-eastern part (Fig. 3), while COVERENV and especially
LANDENV strongly reduced these predictions mainly in the
northern central part (Fig. 3, Table 4). All remote sensing
predictors contributed significantly to the explanation of the
models (Table 3), but mainly bands 5 and 4 in LANDENV
(explained 42.7% of the habitat’s distribution) and land cover
type in COVERENV (35.5%; higher probability related to shrub
cover; land cover category 3 in Appendix S3).
DISCUSSION
Although reflectance data have been widely used in combination with environmental variables for mapping spectrally
ambiguous types of vegetation (classification and post-classification methods; Franklin, 1996), their implementation in
habitat modelling approaches appears unpublished, to our
knowledge. In our study, we found that inclusion of LANDSAT channels as predictors in HDMs improved the accuracy of
models and tended to refine mapped predictions of heath and
shrub habitats, compared with environment-only models. The
reflectance values provide a direct spectral signal of the heath
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* Calluna vulgaris

100

* Genista hispanica subsp. occidentalis
100
80

60

TPR

TPR

80

40
20

60
40
20

0

0
ENV

LANDenv

NDWIenv

COVERenv

ENV

LANDenv

NDWIenv COVERenv

Threshold
MTSPS

‡ Erica australis

100

100

80

80

60

60

TPR

TPR

ENT

40

‡ Cytisus purgans plus Genista florida

40
20

20
0

0
ENV

LANDenv

NDWIenv

COVERenv

ENV

LANDenv

NDWIenv COVERenv

Figure 4 Percentages of testing data predicted as true positives (TPR) when applying two different thresholds: maximum training sensitivity plus specificity (MTSPS; dotted) and equate entropy of thresholded and original distributions (ENT; white). Bars represent average
values, and whiskers indicate confidence intervals. Results are detailed by habitat and kind of model: ENV (models including only
environmental variables), LANDENV (models including also LANDSAT bands), NDWIENV (NDWI plus environmental variables) and
COVERENV (classified land cover map plus environmental variables). Habitats dominated by specialist species are marked with an asterisk
(*), whereas those dominated by generalist species are indicated by a double dagger (à).

and shrub formations themselves, distinguishing them from
other land covers present within the study area, and providing
additional species-specific information. However, it is very
important to keep environmental predictors in habitat mapping in order to interpret and understand the ecological factors
behind their spatial distribution patterns observed. Reflectance
values (channels) are alternatives to other remote sensing data
more traditionally used in modelling (i.e. spectral indices and
classified land cover maps). One advantage of reflectance
values is they allow the habitat model to identify the most
relevant wavelength channel for each formation. This can be
particularly valuable when there is a lack of expert knowledge
on the optimal combination of bands that best reflects the
ecological properties of the species of interest (on the index
choice). Moreover, it avoids uncertainties linked to the use of
classified land cover maps (as outlined in the Introduction).
Even though they contribute significantly to most models
(except in C. vulgaris), land cover did not always provide clear
definition between occupied and unoccupied habitats. Specifically, G. hispanica subsp. occidentalis was predicted to occur at
least sometimes across all land cover types, while in reality it
only grows on limestone rocks and thin pastures.
More generally, the performance of the models varied with
the ecology and management of the dominant species. Models
for formations dominated by specialist species showed a higher
accuracy than those of formations dominated by generalists.
Similar results were found by McPherson et al. (2004),
Hernández et al. (2006) and Guisan et al. (2007). Such results
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can simply reflect the fact that, with a set extent, models for
restricted species only need to be able to successfully predict
unsuitable habitat, to gain a high AUC (Elith et al., 2006).
However, in this case, we have detailed knowledge of this
landscape, which confirms that maps of the specialist species
are accurate, but the generalists are overpredicted (i.e. the
mapped extent is too large). Calluna vulgaris and G. hispanica
subsp. occidentalis have a narrow environmental tolerance,
occurring in areas where they can become dominant because of
their high adaptability and competitiveness at those environmental ranges (high elevation and rainfall and low temperatures for Calluna, and specific substrate and dry conditions for
Genista). Although in former times, traditional management
practices strongly influenced the distribution of C. vulgaris
formations (CVF), these practices have now nearly disappeared
(Calvo et al., 2007), favouring secondary succession processes
(Calvo et al., 2002). Hence, CVF has now colonized much of
its potential distribution (sensu Svenning & Skov, 2004). In
contrast, G. hispanica subsp. occidentalis formations have
almost never been subjected to deep perturbations linked with
management activities, both because they mainly occur on
poor soils in inaccessible areas and because they provide poorquality feed. That is the reason why environmental variables
alone tend to accurately map the distribution of both these
specialists (their current distribution patterns mostly match up
with their potential distribution). Similar results were found by
Buermann et al. (2008) for species with restricted range sizes
and high habitat sensitivity.
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In contrast, E. australis (EAF) and C. purgans plus G. florida
formations (CPGFF), dominated by generalist species, can
potentially inhabit a wider range of environments than the
specialist formations, as far as competition with other species
and human activities allow. In the study area, since the year
2000, new silvicultural practices (mainly shrub cutting) have
been applied to more than 10,000 ha of these formations (Gil
& Torre, 2007) to encourage regeneration of pastures for
extensive grazing and to create firebreaks for controlling both
risk and extent of fire. Because the distribution of these
formations is strongly linked with management activities that
are poorly documented, inclusion of remote sensing improved
predictions of their current distributions (Bradley & Fleishman, 2008). For these generalist formations, remote sensing
variables become important predictors in models, with
LANDSAT channels (in LANDENV models) replacing the main
environmental explanatory variable of ENV models, and
providing the more refined maps. Channel four contributed
significantly to the predictions of E. australis (50.2%), C. vulgaris (22.6%) and C. purgans plus G. florida (10.6%).
Reflectance values on the infrared wavelength are related to
the internal structure of the leaves, which is highly variable
between plant species (Lillesand et al., 2008). However, at the
pixel level, reflectance values in the NIR depend rather on the
canopy structure or plant architecture (Asner, 1998). In our
case, it allowed detection of the specific signal of the dominant
species in the canopy of each habitat and, hence, mapping their
current distribution. It led to removal of areas where the
formations can potentially occur (on a basis of their environmental conditions), but actually are not present because of fire
events and shrub-cutting practices (hence indirectly informing
about land use). It was also useful for differentiating between
land cover types in areas where environmental conditions are
suitable for more than one formation, that is, areas where their
niches would overlap, for instance, C. vulgaris and E. australis.
In the absence of remote sensing information, distance to
urban areas could be considered an indirect predictor providing discrimination between these formations. This variable
contributed significantly to fit the environmental model of
E. australis, which frequently appears as a patchily distributed
formation after fire events, as a first stage of secondary
succession recovery (Calvo et al., 2002). As a high percentage
of fire events in this area have their origin in livestock activities
(fires mainly aimed to regenerate pastures), there is a high
probability for this fire-dependent formation to appear close to
villages. However, this formation requires dry conditions so
tends not to appear nearby villages, that is, away from the most
humid, deep and structured soils typical of village locations.
Channel five contributed most to the C. purgans plus G. florida LANDENV model, but was not relevant for the other
formations. Reflectance in this channel (SWIR) is related to both
the moisture content and the thickness of leaves (Lillesand et al.,
2008), which indirectly indicates soil moisture content. These
formations need deep and structured soils. Although the spectral
index NDWI is also a measure of vegetation moisture, it removes
those specific variations related to the leaf internal structure

(specific of each species) and leaf dry matter content to improve
the accuracy in detecting vegetation moisture (Ceccato et al.,
2001). In other words, different vegetation covers with similar
water content will have similar NDWI, and this can explain why
the predicted extent of the C. purgans plus G. florida NDWIENV
map is larger than the LANDENV. In the absence of remote sensing
data, distance to urban areas could act as a proxy for soil
characteristics and management. The complex orography of the
study area has forced the villages to establish mainly in the scarce
flat valleys where the deepest and richest soils can be found.
Nowadays, the abandonment of historic agricultural activities
has favoured colonization by shrub formations of G. florida
(Wessel et al., 2004). Therefore, the probability of this formation
(CPGFF) decreases at distances over than 500 m from villages
(see response curves in Appendix S3). In summary, we agree with
Pearson et al. (2004) and Zimmermann et al. (2007) that remote
sensing information aids definition of the current distribution of
target habitats by (1) helping to discriminate between suitable
and unsuitable sites that cannot be distinguished from bioclimatic or topographic information alone, by providing missing
predictor information (i.e. vegetation and soil moisture; Zimmermann et al., 2007) and (2) providing information on land use
(e.g. fires, shrub-cutting practices), for formations whose presence in the landscape is strongly conditioned by land use.
Although continuous predictions provide more information
than binary ones (Freeman & Moisen, 2008), land managers
often require thresholded predictions (Liu et al., 2005). The
maximum training sensitivity plus specificity threshold
(MTSPST) was one of the best-performing thresholds in the
presence–absence study of Liu et al. (2005). In our study, it
always gave a lower true positive rate than MaxEnt’s entropybased one (ENT); though, for the specialist-dominated
formations, the differences were mostly minor (Fig. 4).
MPSPST was particularly restrictive for formations dominated
by generalist species modelled with only environmental data.
Therefore, it would be advisable for land managers to use ENT
threshold when building Boolean maps, in order to obtain
more realistic patterns of heath and shrub habitats’ distributions in the Cantabrian Mountains.
Nowadays, the regional administration of Castilla y Léon is
defining management strategies for the sites of Community
importance declared within the frame of the Natura 2000
network, their habitats and the species dependent on them.
Accurate maps of habitats’ current distributions can provide
cost-effective information for designing and implementing
conservation policies, helping to save resources that can be
used for other purposes, including further conservation
(Wätzold et al., 2010). For managing Natura 2000 sites,
methodologies such as the one evaluated in this paper, are
practical support tools for both understanding habitat requirements and defining distribution boundaries.
CONCLUSIONS
Habitat distribution models accurately predicted heath and
shrub habitats in the Cantabrian Mountains. However,
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without remote sensing data, it was more difficult to
discriminate between suitable–unsuitable areas for formations
dominated by generalist species, which are widespread in the
landscape, than for formations dominated by specialist species.
The use of reflectance values as predictors improved the
accuracy of the models, providing environmental information
that was unavailable otherwise (i.e. habitat status, land use,
vegetation and soil moisture content). The use of reflectance
values showed some advantages over other remote sensing
data traditionally used in modelling approaches (vegetation
spectral indices and classified land cover maps). When
Boolean maps are necessary (i.e. conservation plans management or policies design), the equate entropy of thresholded
and original distributions provided the most consistently
realistic patterns.
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Álvarez-Martı́nez, J.M., Stoorvogel, J.J., Suárez-Seoane, S. &
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