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Introduction

Abstract

Mapping natural habitats remains challenging, especially at a national scale.
Although new open-access variables for vegetation and its environment and
increased spatial resolution derived from satellite remote sensing data are avail-
able at the global scale, the relevance of these new variables for fine-grained
mapping of natural habitats at a national scale remains underexplored. This
study aimed to map the fine-grained pattern of four heathland habitats
throughout France (550 000 km?). Environmental (bioclimatic, soil and topo-
graphic) and spectral (vegetation) variables derived from MODerate resolution
Imaging Spectroradiometer, Advanced Spaceborne Thermal Emission and
Reflection Radiometer, and Sentinel-2 satellite data were analyzed using the
MaxEnt classifier. Open-access field databases were used to calibrate and vali-
date the classification, based on the threshold-independent area under the curve
(AUC) index and the conventional F1-score. For each heathland habitat, poten-
tial and actual areas were mapped using environmental and spectral variables,
respectively. The results showed high classification accuracy for potential (AUC
0.92-0.99) and actual (AUC 0.88-0.99) suitability maps of the four heathland
habitats. Visual interpretation of maps of the probability of occurrence indi-
cated that the fine-grained distribution of heathland habitat was detected satis-
factorily. However, although the accuracy of the crisp map of combined
classifications of actual heathland habitats was high (overall accuracy 0.72), esti-
mated producer’s accuracies in terms of proportion of area were low (<0.25).
This study provides the first fine-grained pattern maps of heathland habitats at
a national scale, thus highlighting the value of combining environmental and
spectral variables derived from open-remote sensing data and open-source field
databases. These suitability maps could support the identification of heathland
habitats in the framework of national conservation policies.

et al., 2020; Neumann et al., 2015; Schmidt et al., 2017,
2018). In comparison, mapping heathland habitats at a

Heathland natural and semi-natural habitats, which are
dominated by chamaephytic plant communities, provide
many ecosystem services such as biodiversity maintenance
and carbon storage (Alonso & Hardtle, 2015). However,
heathland conservation monitoring is complicated due to
the lack of information on large, fine-grained and accu-
rate habitat mapping. The fine-grained pattern of heath-
lands is well known for sites of heritage interest of a few
square kilometers, especially using very high spatial reso-
lution remote sensing (RS) time series (Fenske

national or continental scale is hindered by several limita-
tions that depend on the data sources, classification meth-
ods or data-processing techniques currently used. These
techniques include (i) processing satellite data imagery at
high spatial resolution (10-30 m) to develop maps of
heathlands considered as one single land use and land
cover (LULC) class (Inglada et al., 2017; Malinowski
et al,, 2020; Venter & Sydenham, 2021) or as general
habitat categories (Lucas et al., 2011), which results in
low classification accuracy (Maxwell et al., 2018) or in
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one-to-many correspondence issues with recognized natu-
ral habitat classification schemes (Adamo et al, 2014;
Lucas et al., 2015), respectively, and (ii) spatial interpolat-
ing field vegetation surveys to develop broad-scale maps
of heathlands considered as natural habitats according to
the European Union Nature Information System (EUNIS)
classification (Chytry et al., 2020).

Recently, the open access of ecological variables derived
from satellite RS data and field data provides the oppor-
tunity to map the fine-grained pattern of habitats at a
national scale. Moreover, several types of products
derived from RS data that characterize climate, soil,
topography or vegetation phenology are available in open
access at global coverage (Rapinel & Hubert-Moy, 2021).
Specifically, the 10-m Sentinel-2 multispectral time series
can discriminate among physiognomically similar natural
habitats based on their phenological profile (Tarantino
et al, 2021). In parallel, the EU Directive INSPIRE
(Bartha & Kocsis, 2011) led to the diffusion of open-
access field databases that support calibration and valida-
tion of RS-based classifications (Rocchini et al., 2017),
especially at a national scale, for which the cost of collect-
ing field data would be too high. Although the quality of
open data is considered heterogeneous, whether derived
from RS (Moudry et al, 2018) or field data (Suarez-
Seoane et al., 2020), open data have recently been used to
map grasslands (Rapinel et al.,, 2021) and forest habitats
(Agrillo et al., 2021) at a national scale. However, these
two studies used a multi-classifier, which requires first
masking the area of interest (e.g. forest, grassland) from
an existing LULC layer, whose quality (e.g. spatial scale,
completeness) inevitably biased the classification accuracy.

Compared to multiclassifiers, one-class classifiers
(OCCs) avoid using masks because they can classify a
natural habitat regardless of other types of vegetation pre-
sent in the landscape (Alvarez—Martinez et al., 2018).
OCCs have been widely used to map plant species or
LULC types, but rarely to map natural habitats (Rapinel
& Hubert-Moy, 2021). Alvarez-Martinez et al. (2018) suc-
cessfully mapped potential and actual areas of 24 habitats
at 30 m spatial resolution over a Spanish Mediterranean
region of 1200 km* (with 70% overall accuracy for the
actual area) using environmental (bioclimatic and topo-
graphic) and vegetation (derived from Landsat and
LiDAR data) variables, respectively. Although this
approach is interesting since it highlights advantages of
the complementarity between environmental and vegeta-
tion variables, three issues remain: (i) its reproducibility
at a national scale; (ii) the spatial resolution of the maps
produced, which remains too coarse to detect the fine-
grain pattern of certain natural habitats such as heath-
lands; and (iii) the lack of using annual time series of
satellite images for soil variables, which would better
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characterize the environment and discriminate among
heathland habitats according to their phenology. More-
over, robust calibration of OCCs at a high spatial
resolution and a national scale remains complex and
notably requires hyperparameterization (Fernandez &
Morales, 2019) based on spatially independent samples
(Karasiak et al., 2021).

The present study aimed to assess the advantage of
using new open-access environmental and vegetation vari-
ables derived from RS and field data to classify the fine-
grained pattern of heathland habitats at a national scale.
Four research questions were addressed: (i) Is the quality
of the open data suitable for mapping heathland habitats?
(ii) Are open-access environmental and vegetation vari-
ables sufficient for classifying potential and actual heath-
land areas? (iii) Does applying OCCs at a national scale
accurately map heathland habitats? and (iv) What is the
conservation value of these classifications?

Materials and Methods

Study site

The study site encompassed mainland France (c.
550 000 km?) (Fig. 1) and covered Atlantic, Continental,
Alpine and Mediterranean biogeographic regions (Euro-
pean Environment Agency, 2016). Six heathland habitats
in France are of interest to the EU, including two of pri-
ority interest due to their unfavorable conservation status
(Bensettiti et al., 2002; Bensettiti et al., 2005). This study
focused on four heathland habitats characterized by
chamaephytic plant communities and ericoid species:

* 4010 — Northern Atlantic wet heaths with Erica tetra-
lix: humid, peaty or semi-peaty heaths, other than blanket
bogs, of the Atlantic and sub-Atlantic domains

* 4020 — Temperate Atlantic wet heaths with Erica cil-
iaris and Erica tetralix: hygrophilous heaths of areas with
a temperate oceanic climate, on semi-peaty or dried-out
soils (habitat of priority interest)

* 4030 — European dry heaths: mesophile or xerophile
heaths with on siliceous, podsolic soils in moist Atlantic
and sub-Atlantic climates of plains and low mountains of
western, central and northern Europe, including Calluna
vulgaris

* 4060 — Alpine and Boreal heaths: small, dwarf or pros-
trate shrub formations of the alpine and subalpine zones
of the mountains of Eurasia dominated by ericaceous spe-
cies, Dryas octopetala, dwarf junipers, brooms or green-
weedsHabitats 4040 (dry Atlantic coastal heaths with
Erica vagans) was not considered due to few available ref-
erence data linked to their limited geographic distribu-
tion. The habitat 4090 (Endemic oro-Mediterranean
heaths with gorse) was also ignored, because it is
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composed of heterogeneous plant formations (i.e. gar- and spectral that include vegetation (Table 1). Environ-
rigues, swards, etc.). mental variables, selected based on expert knowledge,

were used to predict the potential distribution of habitats,
- - while spectral variables were used to predict their actual
Remote sensing-based variables o . . .

distribution. The bioclimate variables included seven
All variables were derived from two main RS data types: maps especially adapted for French ecological systems

environmental, that include bioclimatic, soil, topographic; (Perrin et al., 2020) that were derived from MODerate
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Figure 1. Study site and reference point locations: (A) 4010 — Northern Atlantic wet heaths with Erica, tetralix, (B) 4020 — Temperate Atlantic
wet heaths with Erica ciliaris and Erica tetralix, (C) 4030 — European, dry heaths and (D) 4060 — Alpine and Boreal heaths (codes from the
European Union Habitats Directive).
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Resolution Imaging Spectroradiometer (MODIS) satellite
data (Fick & Hijmans, 2017). The soil variables consisted
of six SoilGrids featuring physical and chemical properties
of the topsoil horizon, which were also derived from
MODIS satellite data (Hengl et al., 2017). Four topo-
graphic variables were derived from the pan-European
EU DEM (Garcia Gonzdlez et al., 2015), which was based
on Shuttle Radar Topography Mission and Advanced
Spaceborne Thermal Emission and Reflection Radiometer
satellite data. A multiscale topographic position index was
calculated at three spatial scales: 250, 1000 and 2000 m
(Guisan et al, 1999). A topographic wetness index was
calculated using a multidirectional flow algorithm
(Kopecky & Cizkovd, 2010). Topographic curvature
reflects the convexity (positive values) and concavity
(negative values) of the relief. All environmental variables
were then resampled using a bicubic interpolation to
25 m to preserve the most resolved variable quality before
the following modeling steps.

The vegetation variables were derived from a cloud-free
Sentinel-2 satellite annual time series from July 2018 to
July 2019. The images were downloaded as a level 3A
product that is a synthesis of cloud-free observations
averaged over a 45-day period (Hagolle et al., 2018), pre-
viously orthorectified and transformed into surface reflec-
tance using the multisensor atmospheric correction and
cloud screening algorithm (Hagolle et al., 2015). These
Sentinel-2 L3A images were retrieved monthly from the
Theia platform (www.theia-land.fr/en) for the whole of
mainland France (88 tiles). For each tile, the 20-m spatial
resolution bands in the red-edge (b5: 704 nm, bé:
740 nm, b7: 782 nm), near-infrared (b8a: 865 nm) and
shortwave infrared (SWIR) (bll: 1614 nm, blI2:
2202 nm) spectra were resampled to 10 m using a bilin-
ear interpolation. These bands were then stacked with
other 10-m native resolution bands (i.e. blue (b2:
497 nm), green (b3: 560 nm), red (b4: 664 nm) and
infrared (b8: 835 nm) spectra). To avoid artifacts related
to snow cover, images acquired from November 2018 to
March 2019 were removed from the analysis. In addition,
the Pearson correlation coefficient was calculated between
bands to limit collinearity, and bands with r > 0.80 were
also removed, which left 13 variables for analysis
(Table 1).

Reference data

The reference data consisted of two datasets. The first
dataset featured heathland habitats obtained from field
maps produced at a scale of 1:5000 from 2000 to 2020.
This open-access archive was compiled regionally by
botanical conservatories and was provided by each
region’s environmental directorate. When appropriate,

Heathland Mapping Using Open Remote-Sensing Data

correspondence between habitat classifications of the EU
Habitats Directive (Annex I) and biotope classifications of
the EUNIS or CORordination of INformation on the
Environment was performed according to the HABREF
reference system (Clair et al., 2017). A 10-m negative buf-
fer was applied to each heathland polygon to smooth out
potential delineation bias. Polygons that represented a
mosaic of habitats were discarded, as were those with an
area less than 0.36 ha (i.e. the theoretical area of 9
Sentinel-2 pixels). Because some field maps had been cre-
ated 20 years ago, each polygon was visually verified using
recent Google Earth images. Each habitat was first sub-
sampled with a maximum of 5 polygons per 5 x 5 km
grid to minimize the heterogeneity in spatial distribution.
Habitats 4030 and 4060 (the most frequent) were then
subsampled again with a maximum of 2 polygons each
per 5 x 5 km grid (i.e. 40% of the polygons) to avoid
class unbalancing in the reference dataset. The reference
points, which consisted of each Sentinel-2 pixel strictly
inside the remaining polygons, were then extracted
(Table 2).

The second reference dataset featured LULC classes to
quantify classifier over-detection. To this end, c. 100 ref-
erence points were extracted for each of the six LULC
classes (i.e. bare rock, sward, forest, grassland, buildings,
crop) from the 2018 French national LULC map (overall
accuracy 0.89) derived from Sentinel-2 annual time series
(Inglada et al, 2017). Values of each variable were
assigned to each reference point.

Discriminant analysis

This step investigated whether bioclimatic, soil, topo-
graphic and vegetation variables discriminated among
heathland habitats and between them and other LULC
classes. To this end, linear discriminant analysis (LDA)
(Balakrishnama & Ganapathiraju, 1998) was applied to all
reference points. This dimension-reduction method maxi-
mizes interclass variance to represent the partitioning and
dispersion of the habitats in two-dimensional space by
ordinating the reference points.

MaxEnt classification

This step involved predicting the potential distribution
area of each heathland habitat using the 17 environmental
variables and then the actual area of each heathland habi-
tat using the 13 spectral variables (Fig. 2). To this end,
we selected the widely used MaxEnt OCC (Phillips &
Dudik, 2008), which is based only on presence points, so
no absence points were needed (Guillera-Arroita
et al., 2014). Instead, background points that describe the
‘landscape’ were used (Phillips & Dudik, 2008). To
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Table 1. Description of the environmental (light gray) and spectral (dark gray) variables used to model heathland habitats.

Resolution
Type Name Acronym Unit (m) Source References
Climate Simple continentality index Ic °C ~1000 WordIClim v2  Perrin et al. (2020)
Annual ombrothermic index lo -
Annual ombro-evaporation index loe -
Bimonthly estival ombrothermic index  los2 -
Fourmonthly estival ombrothermic los4 -
index
Compensated thermicity index Itc °C x 10
Annual positive temperature Tp °C x 10
Topographic  Slope Slope degree 25 EU-DEM v1.1  Garcia Gonzalez
Topographic Position Index TPI - et al. (2015)
Topographic Wetness Index TWI -
Topographic curvature Curve -
Soil Bulk density BLDFIE kg/m? 250 SoilGrid v1 Hengl et al. (2017)
Coarse fragment volume CRFVOL -
Soil organic carbon content ORCDRC g/kg
Soil pH PHIHOX pH
Soil texture fraction of silt SLTPPT %
Soil texture fraction of sand SNDPPT %
Vegetation  July 2018, band 2 (blue) july.2018.B02  Radians 10 Sentinel-2 Hagolle et al. (2018)
July 2018, band 12 (SWIR) july.2018.B12 20 L3A
August 2018, band 11 (SWIR) aug.2018.B11 20
September 2018, band 3 (green) sep.2018.B03 10
September 2018, band 8 (NIR) sep.2018.B08 10
October 2018, band 2 (blue) oct.2018.B02 10
October 2018, band 6 (red-edge) oct.2018.B06 20
April 2019, band 3 (green) april.2019.B03 10
April 2019, band 11 (SWIR) april.2019.B11 20
May 2019, band 2 (blue) may.2019.B02 10
May 2019, band 12 (SWIR) may.2019.B12 20
July 2019, band 4 (red) july.2019.804 10
July 2019, band 8 (NIR) july.2019.B08 10

NIR, near infrared spectrum, SWIR, short wave infrared spectrum.

Table 2. The heathland habitats studied (codes from the European
Union Habitats Directive) and the number of reference and back-
ground point sizes used for modeling.

Reference  Background

Habitat Habitat name points points
4010 Northern Atlantic wet heaths 125 4771
with Erica tetralix
4020*  Temperate Atlantic wet heaths 340 12 977
with Erica ciliaris and Erica
tetralix
4030 European dry heaths 524 20 000
4060 Alpine and Boreal heaths 506 19 313

The asterisk (*) indicates a habitat of priority interest.

combine the predicted maps and compare their accuracy
scores, the same ratio of presence/background points and
the same variables were used to classify each habitat

(Alvarez—Martfnez et al., 2018; Merow et al., 2013; Stenzel
et al., 2014).

Potential area classification

Background points were randomly selected from the
entire study site. Due to its large size (114 479
columns x 106 646 rows), the default number of back-
ground points (10 000) was increased to 20 000. To
ensure that the ratio of presence/background points was
the same, background points for the less frequent classes
were subsampled (Table 2). For each class, the presence
and background points were divided into a calibration
dataset (80%) and a validation dataset (20%). To avoid
autocorrelation bias, this split was run under a
60 x 60 km spatial blocks.

To improve classification accuracy, a hyperparameteri-
zation procedure was applied to each MaxEnt model,
which has two parameters that require calibration (Elith

452 © 2022 The Authors. Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London.

3SULD1T SUOWIWLOD dAIIEa1D) 3|eal|dde ayy Aq pausenof ale saie YO ‘ash JO Sa|nJ 10y Aelq1auluQ A3|IAA UO (SUORIPUOD-PUR-SWLLB)WOD A3 1M Aleld 1 pul|Uo//:Sdyy) SUOIIPUOD pue SWB | 8L} 89S *[202/S0/72] Uo AriqiauliuQ A3|IAN ‘SeiueN ad @1seAIUN AQ £62°2851/200T 0T/I0p/wod B 1M Azeiq ijpuljuo'suo iedijgnd sz//:sdny WwoJy papeojumoq ‘v ‘220z ‘S8re9s02



L. Hubert-Moy et al.

Heathland Mapping Using Open Remote-Sensing Data

Potential area classification

2. Thresholding —* Binary maps

Environmental | ! & M?XEr.'t ! Suitability
. 1 classification |
variables maps
| process 4
Actual area classification
Spectral _’: clz;:nif?::t?ctm :_’ Suitability
variables maps —> 4. Masking
1 process I
Validati :
alidation sl — Crispmap [+ 5. Combination
dataset assessment
I
v v
Point count Proportion of area

accuracy indices accuracy indices

MaxEnt classification process

x.4. Spatial

Validation

Study x.1. Random Background x.2. Subsampling HagHaY
> ‘ : B : > : reference dataset|
area point selection points (optional)
1> alIbiRHon x.3. Spatial blocking Presence/background
1 dataset — :
10 repeats | (60 x 60 km) points dataset
1
I !
1
1

Hyper- - - 1 cross-validation dataset
arametrization i
- tEsH X.7. Accuracy N AUC
l Best AUC assessment validation

x.5. Filter Calibrated

approach model
S Suitabilit

AUCl x.6. Classification | u'f:a” v

Variable RS-.bat;sled i

importance varian'es

Figure 2. Methodological flowchart: the upper part describes the general approach while the lower part, details the MaxEnt classification

process.

et al, 2011): (i) the feature class, which controls the
transformation of the variables, and (ii) regularization
(beta), which regulates the balance between model com-
plexity and fit (Merow et al., 2013). For each class, the
MaxEnt model was hyperparametrized using six feature
classes (i.e. linear (L), combination of linear and quadra-
tic (LQ), hinge (H), combination of hinge and quadratic
(HQ), threshold (T) and combination of hinge, quadra-
tic, product and threshold (HQPT)), and all regulariza-
tion values from 1 to 10, with a step size of 0.25.
Models were parameterized using threefold cross-
validation repeated 10 times (Kuhn & Johnson, 2013) to

prevent overfitting. To decrease the influence of spatial
autocorrelation between nearby reference points, a ‘spa-
tial block’ constraint was used to assign each reference
point to a fold (Valavi et al, 2019). Specifically, refer-
ence points were assigned to a fold based on their loca-
tion within 60 x 60 km spatial blocks. The best feature
class and the best regularization parameter were selected
based on the highest area under the curve (AUC) value,
which is a threshold-free index of accuracy. AUC is
interpreted as the probability that a randomly chosen
presence site is ranked above a random background site
(Phillips et al., 2006).
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The accuracy of each classification was assessed using
the AUC value calculated from the validation dataset.
Since the AUC is commonly criticized (Merow
et al.,, 2013), we compared, for each class, the validation
AUC value to that of a null model using the approach of
Bohl et al. (2019). Specifically, 100 modeling iterations
were performed for each habitat, with dummy presence
points randomly selected in each iteration. The mean
AUC of the iterations was then calculated.

Since MaxEnt does not calculate a variable’s impor-
tance score, it was calculated for each model using a ‘fil-
ter’ approach (Kuhn & Johnson, 2013). Specifically, a
sequence of thresholds was run for each variable to pre-
dict the heathland habitat. Sensitivity and specificity
were then calculated for each threshold, and the receiver
operating characteristic curve was derived. See the sup-
plementary materials for the resulting AUC that was
used as an index of variable importance (Figs. S1 and
S2). Each habitat was predicted using the calibrated clas-
sifier at a national scale, and then a binary map (pres-
ence/absence) was generated using the maximum
sensitivity  specificity  thresholding  method  (Liu
et al., 2013).

Actual area classification

For each habitat, the model was calibrated using the same
procedure as that for the potential area, but using the 13
spectral variables instead. The predicted actual area was
applied within the potential area and then the output
maps of each habitat were combined. To this end, logistic
values below the maximum sensitivity specificity thresh-
old were set to zero. Each pixel was then assigned to the
heathland class that had the highest probability among
the four heathland classes. Pixels with a zero value in all
heathland classes were assigned to the ‘others’ class (i.e.
non-heathland). The accuracy of the combined map of
actual heathland habitat was derived from the validation
set and from the six LULC points merged into the
‘others’ class using the conventional point count approach
(Congalton & Green, 2019). While the number of valida-
tion points differed between heathland classes, the estima-
tion of map accuracy could be weighted by the
proportion of the study site represented by each map
class. For this reason, an additional accuracy assessment
was calculated using the estimated proportion of area per
class (Olofsson et al., 2014).

All analyses were performed using R software version
3,6 (R Core Team, 2019) and its blockCV (Valavi
et al, 2019), caret (Kuhn, 2008), mapaccuracy
(Costa, 2021), oneClass (Mack, 2014), raster (Hij-
mans, 2015), RSAGA (Brenning et al, 2018) and rgdal
(Bivand et al., 2015) packages.

L. Hubert-Moy et al.

Results

Two-dimensional space ordination

Globally, the first two axes of the LDA explained 48%
and 26% of the between-class variance, respectively
(Fig. 3). These results also highlight the importance of
environmental and spectral variables in discriminating
heathland habitats. Specifically, axis 1 was positively cor-
related with a warm climate, wet soils and high reflec-
tance values in the SWIR spectrum in early spring, while
it was negatively correlated with cool and wet climates,
steep topography, large volume of coarse fragments in the
soil, organic-rich soils and high reflectance values in the
visible spectrum in early spring. The first axis clearly dis-
criminated among alpine heaths (4060) (negative values),
dry heaths (4030) and, to a smaller extent, Northern
Atlantic wet heaths (4010) and temperate Atlantic wet
heaths (4020) (positive values). Axis 2 was positively cor-
related with sandy soils and negatively correlated with
basic and silty soils, and high reflectance values in the
summer. The second axis clearly discriminated heathland
habitats (positive values) from the other LULC classes
(negative values), although overlaps occurred between
alpine heaths (4060) and bare rock, but also between dry
heaths (4030) or Northern Atlantic wet heaths (4010) and
forest and sward.

Classification calibration and accuracy

MaxEnt model parameter and threshold values for each
potential and actual heathland habitat varied (Table 3).
The feature class parameter HQPT was the most frequent
(n = 3), although this parameter varied greatly among
models. Conversely, values of the regularization parameter
were similar and small (<5), as were those for threshold-
ing (<0.25).

Overall, the statistical accuracy of the MaxEnt model
for each potential and actual area of heathland habitat
was high (AUC > 0.880) (Table 4). These results were
supported by low null-model accuracies (AUC 0.36-0.56).
Moreover, AUC values for calibration and validation were
similar (absolute difference < 0.05), which highlighted
low model over-fitting, except for the actual area model
of habitat 4020 (absolute difference 0.10).

Accuracy measures of the crisp map of combined clas-
sifications of heathland habitats based on the conven-
tional point count approach are presented Table 5.
Generally, the combined actual area of the four heathland
habitats was accurate (overall F1 score 0.68) (Table 5).
Specifically, alpine heaths (4060) were combined with
very good accuracy (F1 score 0.80), dry heaths (4030)
were combined with moderate accuracy (F1 score 0.58),
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Figure 3. Linear discriminant analysis (LDA) of heathland habitats (see Table 2 for codes) based on environmental and spectral variables (see
Table 1 for acronyms). For clarity, only the most variables that, contributed the most (cos2 > 0.2) are shown.

Table 3. MaxEnt model parameter and threshold values set for
potential and actual areas of each heathland habitat (codes from the
European Union Habitats Directive). (L: Linear, Q: Quadratic, H Hinge,
P: Product, T: Threshold).

Area Habitat Feature class Regularization Threshold

Potential 4010 HQ 1.00 0.243
4020 LQ 3.50 0.068
4030 HQPT 3.00 0.199
4060 HQPT 5.00 0.137

Actual 4010 HQPT 1.75 0.127
4020 H 3.00 0.208
4030 T 1.00 0.182
4060 T 2.50 0.138

Table 4. MaxEnt model accuracy expressed as the area under the
curve (AUC) for potential and actual areas of each heathland habitat
(codes from the European Union Habitats Directive).

whereas temperate Atlantic wet heaths (4020) and
Northern Atlantic wet heaths (4010) were combined
with the lowest accuracies (F1 score 0.46 and 0.29
respectively). Analysis of the confusion matrix high-
lighted that the main confusion occurred between dry
heathlands (4030) and all other classes (Table 5). Inter-
estingly, except for alpine heaths (4060), the heathland
habitats were over-detected little among the other LULC
classes. Instead, the heathland habitats were under-
detected among the others LULC classes. Accuracy mea-
sures estimated in terms of proportion of area are
shown Table 6. Estimated overall accuracy (0.74) et
user’s accuracies (0.54-0.79) are similar to those of the
point count approach, but estimated producer’s accura-
cies decrease substantially (0.01-0.23).

National maps of heathland habitats

The potential area of the four heathland habitats pre-
dicted by MaxEnt varied (Fig. 4). The potential area of

Area Habitat ~ AUC calibration ~ AUC validation ~ AUC null Northern Atlantic wet heaths (4010) was fragmented in

Potential 4010 0.958 0.984 0.357 northern and central France, while that of temperate
4020 0.983 0.969 0.444 Atlantic wet heaths (4020) extended logically along the
4030 0.934 0.919 0.564 Atlantic coast. The potential area of dry heaths (4030)
4060 0.984 0.994 0.342 was the most extensive, while that of alpine heaths (4060)

Actual 4010 0.959 0.973 0.527 clustered logically within the Alpine biogeographic region.
4020 0.981 0879 0-507 These potential area distributions were consistent with
4030 0.941 0.935 0.500
2060 0.949 0.992 0518 the distribution areas reported under Article 17 of the EU

Habitat Directive.
© 2022 The Authors. Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London. 455
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Table 5. Confusion matrix between crisp map of combined classifica-
tions of actual heathland habitats (rows) and independent field vege-
tation points (columns) (codes from the European Union Habitats
Directive).

Reference ,
User’s

Classification 4010 4020 4030 4060 Others accuracy

4010 7 0 6 0 1 0.50
4020 1 18 6 0 0 0.72
4030 18 19 60 3 8 0.56
4060 0 0 5 71 18 0.76
Others 9 16 21 9 205 0.79
Producer’s 0.20 034 061 085 0.88
accuracy
F1 score 0.29 046 058 080 0.83

Overall F1 score 0.68, overall accuracy 0.72. The shaded regions high-
light the diagonale of matrix, which facilitates the comprehension of
the results.

Table 6. Accuracy measures of the crisp map of combined classifica-
tions of actual heathland habitats estimated using conventional point
count and proportion of area approaches (sensu Olofsson
et al., 2014), respectively.

Point count Proportion of area

Class PA UA PA UA

4010 0.20 0.50 0.02 + 0.01 0.54 + 0.28
4020 0.34 0.72 0.05 + 0.02 0.72 £ 0.18
4030 0.61 0.56 0.10 + 0.04 0.59 + 0.10
4060 0.85 0.76 0.23 £0.11 0.79 £ 0.08
Others 0.88 0.79 0.99 + 0.01 0.74 + 0.06
OA 0.72 0.74 + 0.06

PA, producer’s accuracy; UA, user's accuracy; OA, overall accuracy,
expressed with a 95% confidence interval for the latter approach.

Subsets of predicted actual area of heathland habitats
emphasized the fine-grained pattern of vegetation (e.g.
distinguished heathland patches from small patches of
sward, forest or bare rock) in the biogeographic regions
(Fig. 4). One subset in the Atlantic biogeographic region
targeted an alluvial bottom valley site where temperate
Atlantic wet heaths (4020) occur (Fig. 5A). Probability of
occurrence maps indicated high values for classes 4020
and 4030 but null values for 4010 and 4060. The com-
bined map indicated a dominant pattern for temperate
Atlantic wet heaths (4020), with many patches of dry
heaths (4030). A second subset focused on an upland
depression (elevation ~800 m) in the Continental biogeo-
graphic region where Northern Atlantic wet heaths (4010)
occur (Fig. 5B). Probability of occurrence maps indicated
high values for classes 4010, 4020 and 4030. The com-
bined map thus included a mixture of these three classes,

L. Hubert-Moy et al.

with a strong overestimate of dry heaths (4030). A third
subset featured a high elevation site (>2000 m) in the
Alpine biogeographic region (Fig. 5C). Probability of
occurrence maps indicated positive values only for alpine
heaths (4060), while the combined map indicated a large
patch of alpine heaths. A fourth subset focused on a site
in the Mediterranean biogeographic region dominated by
forest (Fig. 5D). Probability of occurrence maps indicated
positive values only for dry heathland (4030). Interest-
ingly, the combined map showed patches of dry heath
only in areas where forest was not present.

Discussion

Is the quality of open data suitable for
mapping heath habitats?

LDA and classification based on open data provided
results consistent with the ecological knowledge of heath-
land habitats. However, besides the usual local biases in
the quality of bioclimatic (Cord et al.,, 2014) and DEM
(Moudry et al.,, 2018) variables in the mountains, the
quality of the Sentinel-2 products used should be dis-
cussed more thoroughly. We used monthly cloud-free
composite images (L3A processing level) to reduce the
total amount of data collected (‘only’ 1.7 TB for France),
but this choice influenced the results. Haze or shadows
decreased the quality of certain tiles, which decreased
classification accuracy (Lopatin et al., 2019). In addition,
the acquisition dates sometimes differed among compos-
ite images, which caused a tile effect in the classification.
Gap filling and time-series smoothing of Sentinel-2 L2A
products could solve these problems, although doing so
requires cloud-computing due to the huge amount of
data to process at a national scale (Mahdianpari
et al., 2020).

The quality of the open-access field data also likely
influenced the classification accuracy. Three problems
were encountered. The first related to the classification
scheme: the definition of each habitat in Annex 1 of the
EU Habitat Directive is sometimes confusing and can lead
to misinterpretation (Bioret et al., 2017) (e.g. between
habitats 4010 and 4020 which share common plant spe-
cies assemblage). In addition, the definition of habitat
4030 encompasses a wide ecological range and varied
physiognomic forms (Bensettiti et al., 2005), which could
explain some classification errors with other heathland
habitats. Analysis that uses a more detailed nomenclature,
such as EUNIS, could address these issues (Agrillo
et al., 2021). The second problem related to the geometric
quality of field polygons. The outlines of some polygons
were approximate and/or included a mosaic of habitats.
The third problem related to the 20-year period of field
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4010: AUC 0.984

4020: AUC 0.969

4030: AUC 0.919

4060: AUC 0.994
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Article 17 habitat distribution
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Figure 4. Predicted potential areas of Northern Atlantic wet heaths (4010), Temperate Atlantic wet heaths, (4020), European dry heaths (4030)
and Alpine and Boreal heaths (4060) throughout France. For comparison, the distribution of each habitat reported under Article 17 of the
European Union Habitat, Directive is highlighted in red hatches. AUC, area under the curve.

maps, as the habitats mapped may have changed between
2000 and the date of Sentinel-2 image acquisition. How-
ever, we retained these field maps to ensure enough pres-
ence points, especially for the habitat 4010. We addressed
the two latter problems by visually interpreting Google
Earth images, which was time consuming and somewhat
subjective. Regarding these problems, it is unclear
whether the false positive pixels identified in this study
(Figs. 4 and 5) are false for the following reasons: (i) field

surveys outside Natura 2000 sites were not exhaustive and
(ii) within Natura 2000 sites, small patches of heathland
detected from Sentinel-2 images were not always mapped
on the field. As suggested by Stehman and Foody (2019),
a new campaign of field data collection stratified using
the heathland maps derived from the Sentinel-2 images
would provide a more meaningful accuracy assessment.
In future research studies, the use of automatic outlier
detection  (Halladin-Dabrowska et al, 2020; Liu
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Figure 5. Subsets of the MaxEnt model in the four biogeographical regions (A, B, C, D): probability of occurrence and, combined maps of four
actual heathland areas (4010, 4020, 4030 and 4060). The validation points came, from field observations but were not comprehensive in their
coverage.
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et al, 2018) and active-learning approaches (Neu-
mann, 2020) could increase the quality of the field sample
dataset.

Are open-access environmental and
vegetation variables sufficient for
classifying potential and actual heathland
areas?

The LDA emphasized the complementarity of the envi-
ronmental variables, which discriminated the potential
area of each heathland habitat, and the vegetation vari-
ables, which discriminated the actual area of heathland
habitats from the other LULC classes, as supported by
Alvarez-Martinez et al. (2018). Recently, the value of
using SoilGrids data to map grassland (Rapinel
et al., 2021) and forest (Agrillo et al., 2021) habitats was
highlighted. Our study shows that these data can be rele-
vant for identifying low-carbon (ORCDRC) and acidic
(PHIHOX) soils favorable to heathland habitats. The
LDA highlighted the advantage of the high temporal and
spectral resolution of Sentinel-2 data, since many dates
(April, May, July, August, October) and spectral domains
(blue, green, red, red-edge, SWIR) can be used to dis-
criminate heathland habitats. However, our results also
indicate remaining confusion between the actual areas of
each habitat and LULC classes with similar physiognomy
(e.g. forest, sward). Some of this confusion could be
addressed by using a multi-annual Sentinel-2 time series,
hyperspectral satellite data (e.g. PRISMA, DESIS,
HyspIRI) (Zhang et al., 2021), variables that characterize
vegetation structure from SAR (Schmidt et al., 2018) or
LiDAR (Alvarez-Martinez et al., 2018) data, or perturba-
tion variables such as snow-cover duration (Gascoin
et al., 2019). Regarding the specific spectral response of
heathland plant species in late fall (Bayle et al., 2019), we
considered that Sentinel-2 images acquired from Novem-
ber 2018 to March 2019 could be useful for increasing
heathland habitats discrimination. However, our prelimi-
nary analyses that included these images pointed out not
only that the generation of a national cloud-free compos-
ite was challenging in winter, especially in mountains
areas (Schindler et al., 2021), but also that snow cover
considerably biased the extent of classified alpine heath-
lands over swards.

Does applying OCCs at a national scale
accurately map heathland habitats?

Despite the large size (114 479 columns x 106 646 rows)
and ecological diversity (four biogeographic regions) of
the study site, our results demonstrate the value of OCCs
for mapping heathland habitat suitability at a national

Heathland Mapping Using Open Remote-Sensing Data

scale. Calibrating the OCCs based on good practice (i.e.
considering spatial autocorrelation and hyperparametriza-
tion) likely reduced overfitting. The overall accuracy of
the crisp combined map based on the point counts
approach is satisfactory (0.73) and similar to that
obtained by Alvarez-Martinez et al. (2018) (0.67) for a
smaller study site that had more classes. However, accu-
racy measures estimated in terms of proportion of area
reveal low producer’s accuracies, that is consistent given
the strong influence (~95% of the map area) of the other
LULC classes in the accuracy estimation. Furthermore,
the models were validated using spatially independent
samples (60 x 60 km spatial blocks) which decreased the
classification accuracy (Karasiak et al., 2021) but provided
more reliable results and raised new research questions
(Braun, 2021). For example, the misclassification errors
occurring in this study between dry (4030) and wet
(4010/4020) heathland habitats (Fig. 4) were also reported
by Hufkens et al. (2010), who mapped a Natura 2000 site
using an airborne hyperspectral image and a linear dis-
criminant least squares classification. These errors could
be explained by the spatial coexistence that naturally
exists between wet and dry heathland habitats (Hufkens
et al, 2010), and enhanced by the ecological continuum
occurring between dry and wet heathland (Trodd, 1996).

Regarding the modeling of actual areas, we considered
10 Sentinel-2 spectral bands, including the red edge and
SWIR spectra, to exploit the full capability of Sentinel-2
images to characterize the phenology of heathland vegeta-
tion (Misra et al., 2020). However, we removed the highly
correlated spectral bands for two reasons: (i) removing
highly correlated variables does not influence the Maxent
modeling accuracy (Feng et al., 2019), and a contrario (ii)
including a large number of variables in the Maxent
model would have resulted in impractical computation
times (Schnase et al., 2021).

We used an OCC instead of a multiclass classifier to
map heathland habitats without knowing the other habi-
tats present in the landscape (Rapinel & Hubert-
Moy, 2021). Indeed, mapping of some habitats of interest
using a multiclass classifier would have required masking
areas where those habitats are expected to occur (Agrillo
et al.,, 2021; Rapinel et al., 2021; Schindler et al., 2021).
However, providing an accurate and comprehensive
‘heathland’ mask would have been challenging given (i)
the one-to-many correspondences between heathland
habitats and LULC classes (shrub, sward, forest, grassland,
etc.) and (ii) the moderate classification accuracy of some
of these LULC classes (Inglada et al, 2017; Venter &
Sydenham, 2021). As a result, small patches of heathland
habitats (e.g. along roads) that were successfully detected
in this study using an OCC, would probably have been
omitted using a ‘heathland’ mask in a multiclass classifier
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procedure. However, using an OCC raises three issues.
First, using the highest logistic value to combine the clas-
sifications is questionable since logistic values of the class
with the most samples (4030) were the highest, which
may explain why this class was over-detected. While the
logistic values of MaxEnt are sensitive to the number of
presence points used for the OCC (Merow et al., 2013),
the combination of several OCC where the number of
points is different from one OCC to another is not
straightforward. To overcome this issue, we applied a
workaround solution using the same ratio of presence/
background points for each OCC (Alvarez-Martinez
et al., 2018; Stenzel et al., 2014). However, our results
emphasize that this solution does not fully address this
issue. Second, the quality of the binary map (presence/ab-
sence) is influenced significantly by the thresholding
method used (Rapinel & Hubert-Moy, 2021), and the
under-detection of heathland habitats among LULC
classes in our study could be explained by a higher
threshold. Finally, the calibration and prediction time
needed (ca. 2 days for each OCC) is proportional to the
number of habitats to be surveyed.

What is the conservation value of these
classifications?

This study provides the first fine-grained maps of heathland
habitats at a national scale. The spatial resolution of the
Sentinel-2 images (10 m) revealed small patches of heath-
land that probably would not have been detected in images
with lower spatial resolution (e.g. Landsat-8). While the
combined crisp map may be unreliable for estimating the
area and range of heathland habitats under Article 17 of the
EU Habitats Directive (Roschel et al., 2020), suitability
maps are of great value for supporting field surveys but also
identifying suitable sites for restoration, especially outside
protected areas where knowledge of habitat distribution is
still insufficient. Although the spatial resolution of
Sentinel-2 images is adequate to identify heathland habi-
tats, the use of airborne remote sensing data with sub-
metric spatial resolution is still needed to finely characterize
their inner structure (Schmidt et al., 2017) and dynamics
(Mobaied et al., 2015).
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habitats used to identify the actual area (see Table in the
article for variable codes).
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