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Abstract: The monitoring of Natura 2000 habitats (Habitat Directive 92/43/EEC) is a key activity
ensuring the sufficient protection of European biodiversity. Reporting on the status of Natura
2000 habitats is required every 6 years. Although field mapping is still an indispensable source of
data on the status of Natura 2000 habitats, and very good field-based data exist in some countries,
keeping the field-based habitat maps up to date can be an issue. Remote sensing techniques represent
an excellent alternative. Here, we present a new method for detecting habitats that were likely
misclassified during the field mapping or that have changed since then. The method identifies the
possible habitat mapping errors as the so-called “attribute outliers”, i.e., outlying observations in the
feature space of all relevant (spectral and other) characteristics of an individual habitat patch. We
used the Czech Natura 2000 Habitat Layer as field-based habitat data. To prepare the feature space of
habitat characteristics, we used a fusion of Sentinel-1 and Sentinel-2 satellite data along with a Digital
Elevation Model. We compared outlier ratings using the robust Mahalanobis distance and Local
Outlier Factor using three different thresholds (Tukey rule, histogram-based Scott’s rule, and 95%
quantiles in X* distribution). The Mahalanobis distance thresholded by the 95% X* quantile achieved
the best results, and, because of its high specificity, appeared as a promising tool for identifying
erroneously mapped or changed habitats. The presented method can, therefore, be used as a guide to
target field updates of Natura 2000 habitat maps or for other habitat/land cover mapping activities
where the detection of misclassifications or changes is needed.
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1. Introduction

Natura 2000 is a Europe-wide network of protected areas established to protect endan-
gered species and natural and near-natural habitats. The conservation and monitoring of
Natura 2000 sites is defined in the European Habitat Directive 92/43/EEC, which states that
the conservation status of Natura 2000 sites and habitats must be reported every six years.
Because whole-country field investigations are time-consuming and costly [1], satellite
imagery has emerged as a promising technology for the monitoring of Natura 2000 sites [2].
A suitable remote sensing method can significantly reduce the costs of Natura 2000 sites
monitoring and improve public control over environmental protection [3,4].

So far, many studies have demonstrated the potential of satellite data for general
monitoring of Natura 2000 sites or directly for detecting and mapping individual Natura
2000 habitats [5-7]. Studies based on the classification of multispectral (e.g., Rapid Eye,
Sentinel-2) data [1,8], hyperspectral data [9-11], or fusion of multispectral and radar data
(e.g., fusion of Sentinel-2 and Sentinel-1 [12,13]) achieve promising precision in the identifi-
cation of individual habitats and encouraging results. However, the studies mostly focus on
just a few habitats at the regional level; where a higher number of habitats were classified,
the studies were only at a local level. The lack of studies dealing with the classification of
a wide range of habitat types within large areas (e. g., whole countries) suggests that the
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remote-sensing-based classification of all habitats at the national level remains challenging
and that field habitat mapping is still valuable for the monitoring of Natura 2000 habitats.

Although field mapping is still an indispensable source of data on the status of
habitats and very good field-based data exist in some countries, keeping them up to date
without employing remote sensing techniques can be an issue. The Czech Republic is one
such example, where detailed (cartographic ratio of 1:10,000) field mapping of all Natura
2000 habitats nationwide was carried out in 2001-2014 [14], based on which a Habitat Layer
of the Czech Republic was subsequently created [15,16]. This created a comprehensive
data source not only for nature conservation and biodiversity research but also for various
sectors of the state administration [14,17,18]. The habitat layer is now being updated,
again using field mapping, but ways to simplify and speed up the update using remote
sensing are being explored. For example, finding a method capable of identifying habitat
segments that were likely misclassified in the original mapping or have changed since the
last mapping could make the process more effective, directing field research toward such
habitats. Hence, as in some other EU countries, the main challenge remains to keep such
field-based data up to date, to clean possible mapping errors (i.e., misidentified habitat
classes), and to reveal ongoing gradual or sudden habitat changes as automatically as
possible with the least possible expenditure.

Change detection (CD) is a common remote sensing method used to reveal changes
in the reflectance characteristics of the mapped surfaces, and many different CD methods
have been developed over time (an overview can be found in reference [19]). The CD
analysis could be challenging and affected by the detection of unwanted changes such
as phenological stages, sudden climatic events (snow, hail, drought, etc.), or differences
in observation geometry. It could also be susceptible to errors caused by atmospheric
correction or differences in the used sensors [20]. Here, we are introducing a method
based on the outlierness of a particular observation in the space of its spectral and other
characteristics. The benefit of the proposed method lies in its capability to perform change
detection under multi-temporal observation or even using observation from a single time
point when comparing the data with existing classification. The robustness of the method
consists in using the single-temporal change detection, where effects of climatic events,
geometry, atmosphere, or sensors is minimized. The main idea of the method is that
changed or misclassified classes should be identifiable as those differing from the correctly
classified habitats. Therefore, we identified the possible habitat mapping errors or changes
as the so-called “attribute outliers”, i.e., outlying observations in the feature space of all
relevant (spectral and other) segment characteristics.

Using Sentinel-1 and Sentinel-2 data, this study aimed to develop a repeatable method
for the identification of habitats that were potentially misidentified during field mapping
or have changed since the mapping. In practical terms, such a method would help to target
field efforts for mapping updates to such places.

2. Materials and Methods
2.1. Study Area and Field-Based Habitat Data

We used the Habitat Layer of the Czech Republic (hereinafter Habitat Layer) covering
the whole country for our research (see Figure 1). The Habitat Layer was originally created
to delineate Special Areas of Conservation (SACs) under the Habitat Directive and its first
version was completed in 2005. Since 2006, it has been systematically updated by field
mapping led by Nature Conservation Agency, with one-twelfth of the Czech Republic
mapped each year. The layer is available under a free open license from the Nature
Conservation Agency (https://data.nature.cz, accessed on 5 December 2022).

To find potentially misclassified or substantially changed habitat segments, we used
the basic division of the Habitat Catalogue [21], which is compatible with habitat types
delimited in Annex I of the Habitats Directive. Hence, the list of Natura 2000 habitats used
in our study was as follows: Water (Streams and water bodies); Wetlands (Wetlands and
riverine vegetation); Mires (Springs and mires); Screes (Cliffs and boulder screes); Alpines
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(Alpine treeless habitats); Grass (Secondary grassland and heathland); Scrubs (Scrubs); and
Forests (Woodland). A detailed description of the habitats is available in reference [21].
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Figure 1. Study area (Czech Republic) with resulting 233,966 habitats used for this study (black color).

2.2. Satellite and DEM Data

We used Sentinel and Digital Elevation Model (DEM) data to find patches (segments)
where habitats were potentially misidentified during mapping or have changed since
mapping. The Sentinel satellites are operated by the European Commission, which provides
the data free of charge. The Sentinel-2 satellite, with its 13 optical bands, is ideal for
identifying the species composition of vegetation [22-24]. Despite the many advantages
of Sentinel-2 satellites, the applicability in the Czech Republic is limited by cloud cover
(Central Bohemia was completely cloud-free only during six satellite flybys in 2018 and
only once in 2022). For this reason, we created one representative seamless and cloud-free
mosaic of the Czech Republic within the growing season of the years 2018 and 2022 (details
in Section 2.3).

To overcome the disadvantages of Sentinel-2 and deliver information about the tem-
poral dynamics of Natura 2000 habitats during the growing season of the year under
study, we used Sentinel-1 microwave observation because of its all-weather, day-to-night
observation capacity. Since Sentinel-1 has its own illumination source, it allows you to have
complete control over the polarization of the transmitted and received signal. Sentinel-1
measures in two polarizations: co-polarization VV (vertical emitting, vertical receiving)
and cross-polarization VH (vertical emitting, horizontal receiving). While the source of the
VV signal is direct reflections from the earth’s surface, or double reflections from mutually
perpendicular objects (predominant in cities), the primary source of the VH signal is the
so-called volume scattering, in which the signal enters the object and is subsequently
reflected many times and interacts with each other. The result is a depolarization of the
emitted V-polarized signal and an increase in the received H-polarized signal. The main
source of volume scattering (represented by VH polarization) is vegetation. As shown in
previous studies, VH polarization could respond well to the vegetation status [25-29] and,
therefore, it was used in this study.
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The digital elevation model EU DEM version 1.1 (https:/ /land.copernicus.eu/imagery-
in-situ/eu-dem/eu-dem-v1.1, accessed on 5 December 2022) was selected to calculate ter-
rain characteristics. The elevation is defined here according to the European Vertical
Reference System (EVRS). The spatial resolution is 25 m with an absolute error in elevation
of +7 m RMSE.

2.3. Spatial Data Processing

We used Habitat Layer segments (polygons) that were updated in the field in 2018
and 2022. We chose these two years both to fit the Sentinel-1 and -2 missions and to test
the search for outliers on two samples (years) that are as far apart in time as possible. We
worked only with natural and near-natural habitats, i.e., we excluded habitats strongly
influenced or created by humans (category X according to the Czech Habitat Catalogue).
We also excluded so-called mosaics, i.e., polygons consisting of several habitat types. To
remove possible edge pixel problems, possible shadowing due to nearby obstacles or
possible misregistration of product [30]; we shrunk the remaining polygons by 20 m, which
is a spatial resolution in bands essential for vegetation identification of Sentinel-2. The
registration of habitat polygons to satellite data was examined visually and no significant
shift was observed. Subsequently, all the polygons smaller than the size of one pixel (i.e.,
400 m?) were removed from the analysis. After this, 233,966 polygons remained for the
outliers analysis.

We used the Sentinel-2 Global Mosaic service (https:/ /apps.sentinel-hub.com/mosaic-
hub/, accessed on 5 December 2022) to create a seamless mosaic over the whole Czech
Republic covering the growing season (March-October) in the years 2018 and 2022. The
resulting mosaic is formed from medoids of the pixels of each image cleared from clouds,
cloud shadows, snow-covered areas, and areas significantly affected by the atmosphere.
The medoid is a pixel with the smallest differences from other pixels at the same location
but at different times. In this way, the most representative pixel at a given location was
always selected [31]. Bands 1, 9, and 10 were omitted because their purpose is atmosphere
description and, therefore, they have minimal added value for ground observation; more-
over, they have a coarse resolution of 60 m per pixel, which does not correspond to the
minimal polygon size. The final band selection is in Table 1.

Table 1. Characteristic of Sentinel-2 Bands used for the final product.

Band Number 2 3 4 5 6 7 8 8a 11 12
Band name Blue Green Red Red Edge Red Edge  Red Edge NIR Red Edge SWIR SWIR
Center (nm) 490 560 665 705 740 783 842 865 1610 2190
Width (nm) 65 35 30 15 15 20 115 20 90 180

Spatial resolution (m) 10 10 10 20 20 20 10 20 20 20

The microwave Sentinel-1 images were processed using the ASF HyP3 tool. The images
were radiometrically corrected to the gamma-nought level (y0). The terrain influence was
removed using the Copernicus DEM digital terrain model terrain flattening. Additionally,
10 x 2 multi-looking was performed to suppress noise and obtain square pixels. The whole
computation was performed using the algorithms of the GAMMA software 5.1.1. More
information is available at https:/ /hyp3-docs.asf.alaska.edu/guides/rtc_product_guide/,
accessed on 6 December 2022.

The individual images were subsequently used to create nationwide mosaics at a step
of one month during the growing season (March-October) for the years 2018 and 2022. We
used the Quick Mosaic tool in ENVI 5.6 for the mosaic generation.

We used the EU DEM to account for the effects of elevation, slope, and exposure on
cardinal directions of the spectral characteristics of habitats during the growing season. We
calculated the average elevation for each polygon of the Natura 2000 habitat, as well as the
average slope and the prevailing direction to the cardinal points. This was carried out in
ArcGIS Pro 2.7.0 [32], using the Slope and Aspect functions.
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The mean, median, and standard deviations were calculated for each mentioned
Sentinel-1 and Sentinel-2 band. At the same time, the average slope and elevation were
calculated along with the predominant exposure to the cardinal directions and the total
polygon size. In total, 55 aggregated values for each of the 233,966 polygons were calculated
using QGIS 3.22 [33] multiband zonal statistics. The overview of all the resulting variables
is given in Appendix A.

2.4. Spectral Outliers Detection

As the main idea of this study states, the erroneously mapped habitats, or habitats that
changed after their mapping, should be identifiable as those that differ in their attribute
values from the correctly identified habitats of the same type. Therefore, we identified
the possible habitat mapping errors as the so-called “attribute outliers”, i.e., outlying
observations in the feature space of all relevant (spectral and other) segment characteristics.
To characterize individual segments, we used the variables extracted for each polygon as
described in the previous parts (see Appendix A). These variables were standardized to
unit variance and zero mean. Subsequently, the principal component analysis (PCA) was
applied to reduce the dimensionality of the feature space and prevent a redundant use of
the same information stored in multiple mutually correlated features. The PCA was applied
to each habitat type separately to reflect its specific attribute characteristics. To reduce the
dimensionality, we then used the first n principal components that explained together 95%
of the variability of the original features. With our data, the mean (£5D) n was 18 (£2.3)
(see the biplots of the first two components for each habitat type in Appendix B).

We applied two principally different approaches to identify outliers in the space of the
first n principal components. The first approach assumes the compactness of the segment
characteristics distribution, i.e., that observations representing correctly mapped habitats
(of a given type) lie close together while outliers are observations lying far from the center
of this distribution. We used the robust Mahalanobis distance (hereafter referred to as
MAH), as implemented in the robust package for R [34]. Mahalanobis distance is the
distance of an observation from the center of the distribution relative to the thickness of
the covariance ellipsoid in the corresponding direction. The estimation of the covariance
ellipsoid itself is sensitive to the presence of outliers, and so we estimated it robustly using
the method of Minimum Covariance Determinant [35] implemented in the same package.
The result is a robust MAH distance computed for each segment.

The Local Outlier Factor (LOF [36]), implemented in the bigutilsr package for R, was
the second approach we applied [37]. It relaxes the compactness assumption and identifies
outliers as observations lying in locally “empty” or “sparse” parts of the distribution. To
put it simply, each observation is evaluated based on its distance from neighbors relative to
the mutual distances among these neighbors. The result is a relative LOF value computed
for each observation.

For both approaches, the resulting MAH or LOF value had to be thresholded to decide
whether the observation was an outlier or not. Similarly to PCA, this thresholding was
performed for each habitat type separately. We applied three different types of thresholds.
(1) First, we used the well-known Tukey rule, i.e., an outlier was the observation with the
MAH/LOF value higher than the third quartile of all values plus 1.5 times their interquartile
range. We used the modified version of this rule implemented in the package bigutilsr,
corrected for a possible skewness of the distribution and for multiple comparisons [38].
(2) The second type of threshold we used, implemented in the same package as function
hist_out, was based on the identification of a gap in the histogram of MAH/LOF values.
The algorithm iteratively searches for an empty class in the histogram that lies above the
80th percentile of the data. If such a gap is found, all observations above this gap are
considered outliers and the process is repeated for all the remaining observations. This
is iterated until no gap is found. In each iteration, the class breaks are generated using
the robust version of Scott’s rule [39]. This histogram-based approach has the advantage
of being adaptable to the actual distribution of the data. (3) The third type of threshold
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was applied only to the MAH method and was based on an assumption that the MAH
values follow the X* distribution with n degrees of freedom, and identifies outliers as the
observations lying above the (1-0.05/N)th quantile, where n is the number of variables,
and N is the number of observations. The division by N is the Bonferroni correction for
multiple testing. Because LOF values cannot be expected to follow the X* distribution, this
approach is not applicable to this method.

The combination of the MAH/LOF methods with the three types of thresholds gave
rise to five different methods of identification of outliers, namely MAHTukey, MAHhist,
MAHX?, LOFTukey, and LOFhist. Apart from these, a combination of all these five methods
designated as “Any” was evaluated, in which an observation is classified as an outlier if it
was identified as such by any of the remaining five methods.

2.5. Method Validation

We validated our method in two different ways. First, we randomly selected 722 seg-
ments and checked their “true” habitat type by visual assessment of the corresponding
orthophoto image from Google Earth Pro. Because the assumed prevalence of the truly
erroneously mapped segments was very low, we could not apply purely random sampling,
as this would probably result in a sample with no true mistakes. Instead, we applied
stratified random sampling, trying to equally represent in the validation sample the outliers
identified by the individual methods in the individual habitat types, and then added a
comparable number of randomly selected inliers (i.e., non-outliers) in each habitat type.
Because of the highly unequal prevalence of outliers and habitat types in the dataset, and
because the corresponding orthophoto image was not available for some segments and
years or the “true” habitat could not be visually identified, the resulting validation sam-
ple was not completely balanced (see Table 2). We then compared the truly erroneously
mapped segments with the outliers identified using the individual methods using sensi-
tivity, specificity, positive predictive value (PPV), and negative predictive value (NPV),
corrected for the partial verification bias (i.e., bias caused by unequal prevalences of true
mistakes in the original and validation samples) using the extended Begg and Greenes
method [40]. We computed these metrics both for all habitat types together (with applying
a correction for their unequal prevalences) and for each habitat type individually. We
also computed the bootstrapped 95% confidence intervals for these metrics. We used the
PVBcorrect package for R [41] for these computations.

Table 2. Numbers of classification errors and outliers (identified by the “Any” method) in the
validation sample for the years 2018 and 2022.

. Mapping Errors Mapping Errors Outliers (“Any”) Outliers (“Any”)
Habitat 2018 2022 2018 2022
Type

Number % Number % Number % Number %

Alpines 15 26.79 15 26.79 28 50.00 25 44.64
Scrubs 57 61.29 56 60.22 30 32.26 40 43.01
Forests 41 23.03 70 39.55 78 43.82 104 58.43
Wetlands 67 72.04 69 74.19 47 50.54 54 58.06
Mires 33 68.75 33 68.75 26 54.17 29 60.42
Screes 23 58.97 23 58.97 15 38.46 17 43.59
Grass 32 27.59 41 35.65 68 58.62 65 56.03
Water 14 14.14 23 23.23 70 70.71 72 72.73
Total 282 39.06 15 26.79 331 45.84 406 56.23

Second, we investigated how sensitive the presented methods are to different levels of
destruction of Natura 2000 polygons. A typical cause of habitat destruction is the expansion
of human activity [42]. For this reason, we identified polygons of natural habitats that are
mapped as artificial surfaces in the OpenStreetMap (OSM) database. To achieve this, we
extracted polygons of all buildings, quarries, parking, parking multistore, service, bicycle
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parking, and all roads except bridleways, cycleways, foodways, paths, all grade tracks, and
unclassified roads from the OSM database. Since the road network is drawn only as a line,
we created the resulting polygons using a 3 m buffer, which is the standard lane size in the
country. By subsequently overlaying the polygon layer of natural habitats and the polygon
layer of artificial surfaces from OSM, we calculated the percentage destruction for each
polygon. For subsequent analysis, we selected only polygons with an overlap greater than
20% and we manually inspected them using orthophoto images to verify if they were really
damaged. A total of 59 polygons with verified damage were selected (see Appendix E).
We then identified for each polygon whether or not it was marked as an outlier by the
“Any” method, which was the method performing best in the previous validation. Finally,
we divided the damaged segments into classes based on their percentage destruction and,
for each class, we calculated the percentage of damaged segments that were identified
as outliers.

3. Results

The results showed that most polygons were probably correctly mapped during the
ground survey and all the proposed methods identified only a small fraction (0.06-9.41%)
of the input segments as outliers. The total number of identified outliers, however, differed
substantially between the methods (see Figure 2). The lowest number of outliers (140 to
290 outliers, i.e., 0.06 to 0.12% of all analyzed segments, respectively) was identified by
the LOF methods. The MAHhist and MAHTukey methods identified about 17 times more
outliers (from 2377 to 4881, i.e., 1.02 to 2.09%). The largest number of outliers was identified
by the MAHX* method, which identified 20,401 (8.72%) and 22,002 (9.40%) outliers in 2018
and 2022, respectively. The results of the “Any” method was, obviously, most influenced
by this largest number of outliers identified by the MAHX* method, and, therefore, the
resulting number of outliers for ANY was almost identical to MAHX* with an additional
8 and 9 outliers identified by one of the LOF methods in 2018 and 2022, respectively.
Compared to the differences between methods, the differences between years were minor
(see Figure 2). The numbers of outliers identified in the individual habitat types, however,
exhibited much larger interannual variability, and also differed largely between the types,
both in totals and percentages (see Appendix C).

10,0001

5,000+

Number of outliers
N
<
[ee]

—— m N

LOFh\Sl LOFTukey MAHWS‘ MAHTukey MAHXZ Any

Figure 2. Numbers of outliers identified using different methods (Local Outlier Factor (LOF), Maha-
lanobis distance (MAH)) in combination with different thresholds (Tukey rule (Tukey), the gap in the
histogram (hist), X* distribution (¥%)) in the years 2018 and 2022.
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The structure of the validation sample is described in Table 2. The total number of
outliers in particular years was slightly higher than the number of true classification errors.
The prevalence of outliers was about 50-55%, while the prevalence of classification errors
was about 40-45%. The difference between the number of outliers and classification errors
varied a bit more for individual habitat types but, for most of the types, these values were
also notably similar (see Table 2).

The sensitivity of individual methods after correcting for the partial verification bias
and the unequal prevalence of habitat types (see Figure 3) was very low, especially for the
methods using the histogram or Tukey rule thresholds, where it was between 0.1 and 3.9%.
The corresponding specificities were above 98%. Applying the X*-quantile threshold to the
MAH method led to considerably higher sensitivity (17.3 resp. 21.6% in 2018 resp. 2022), at
the cost of slightly lower specificity (93.2 resp. 94.3% in 2018 resp. 2022). Unsurprisingly,
the “Any” method performed similarly to the MAHX* method. The PPVs were surprisingly
similar between the methods (about 40 to 60%), with the values from 2022 being consistently
higher than those from 2018. Similarly, the NPV values ranged between 60 to 80% for all
methods, with the values from 2022 being lower than those from 2018.

Sensitivity Specificity
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0.64
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0.24

0.01

1IN

Pos. pred. value Neg. pred. value

1.0

0.84

0.64

0.4

0.2

0.04

e L

LOFh\st I—OFTukey MAthst MAHTukey IVIAH\2 Any LOFhlst I—OFTukey MAthst MAHTukey MAH\2 Any

Method

B 2018 — 2022

Figure 3. Accuracy metrics of the habitat classification error detection for the individual methods of
spectral outlier detection. The method “Any” refers to the case when an outlier is identified if it is
marked as an outlier by any of the remaining methods. Values are corrected for verification bias and
reflect the unequal characteristics of the individual habitat types. The 95% confidence intervals are
based on the percentiles of 999 bootstrap samples.
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The variability in accuracy metrics between the individual habitat types (based on
the MAHX* method) was considerably higher (Figure 4), with the variability between
years remaining low. For water habitats, all 14 and 23 mapping errors in 2018 and 2022,
respectively, (see Table 2) were correctly identified as outliers, which led to a sensitivity
of 100%. (It was, however, associated with the impossibility of computing confidence
intervals due to the perfect separation problem.) The obvious cost of this high sensitivity
of water habitats was slightly lower specificity, as the method actually marked 70 and
72 segments in 2018 and 2022, respectively, as outliers (see Table 2). The specificity, however,
still remained above 80%. The second-best performance was observed for alpine habitats,
with a sensitivity of about 70% and specificity of about 85%, accompanied by a PPV about
50% and NPV about 90%. Sensitivities of about 30—40% were found for forest and grassland
habitats, with high specificities (more than 96%), as well as relatively high PPV and NPV.
Wetlands showed a sensitivity of about 20%, specificity above 90%, and the highest PPV
value (above 80%, although with a cost of NPV being only about 40%). The remaining
habitat types (scrubs, mires, and screes) showed very low sensitivity values (about 5-10%).

Sensitivity Specificity

1.04

0.8

0.6 1

0.4 1

0.2
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M
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b% . &Qf.! @G" %"ﬂ \Q} ) ] ] %5.: &
< > :

Habitat type

BB 2018 — 2022

Figure 4. Accuracy metrics of the habitat classification error detection for the individual habitat types,
based on the MAHX* method. Values are corrected for verification bias. The 95% confidence intervals
are based on the percentiles of 999 bootstrap samples.

Next, we evaluated the performance of the “Any” method with respect to the different
levels of habitat destruction (Figure 5). We have found that, with as little as 20% of the area
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destroyed, the method was able to detect 78% of such degraded polygons. The detection
capability increased further with increasing habitat destruction until it stabilized at around
91% for habitats with at least 60% of their area being destroyed.

92 1

901

88 1

86

84 -

82 1

80 -

% of correctly identified mapping errors

781

20 30 40 50 60 70 80 90
Minimal fraction of damaged area

Figure 5. Percentage of correctly identified mapping errors out of 59 segments with a certain fraction
of area covered by artificial surface, as a function of this fraction.

4. Discussion

Even though the study area was the whole Czech Republic, with very difficult-to-
classify habitats, our results show that the proposed method is partially successful in
identifying mapping errors. When all habitat types are analyzed together, the MAHX
method (i.e., the one with the highest sensitivity) would be able to reveal about 20% of real
mapping errors, while only about 6% of correctly mapped segments would be misidentified
as potential mapping errors. When the method identifies a segment as a possible mapping
error, there would be about a 40-50% probability that it is truly a mapping error. The
probability that a segment identified by the method as correctly mapped is truly correctly
mapped would be about 80%.

Our results also show (see Figure 5) that the proposed method is effective even
when only part of the habitat has been altered. For this part of the analysis, we only
considered cases where a habitat destruction due to construction occurred. Even in the
case of 20% habitat destruction, the proposed method detected a change in 78% of cases.
The method’s reliability further increased to a maximum of 92% when 60% or more of
the habitat was destroyed. This finding has important practical implications, as in most
of the observed changes, the habitat is not completely destroyed, but rather gradually or
partially transformed.

The proposed method is very flexible and suitable for many different applications.
For example, a similar approach [43] was used to solve the one-class classification prob-
lem, where the authors also exploited outlier search from the overall hyperspectral data
and achieved high classification accuracy that outperformed many other classifications
approaches such as one-class random forests or positive and unsupervised learning.
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Robust Mahalanobis distance

The method showed the best performance for water habitats, where it revealed all
mapping errors as outliers. It also performed relatively well for alpines, forests, grasslands,
and wetlands, but the performance for other types was rather poor. Except for water,
the sensitivities were generally not very high (the maximum was about 70% for alpines).
Given the high specificities, however, it does not generate too much of a false signal and
so even the relatively small fraction of revealed erroneously mapped habitats might still
be valuable. The differences in the method performance between the habitat types can be
easily explained by their spectral characteristics [44].

As we can see in Appendix D, some categories had more and some less different spec-
tral characteristics. The water habitats are well separable from other categories (separability
was above 1.9 (i.e., good separability) compared to other categories, except for wetlands.
This was further reflected in Figure 6, where it can be seen that, in the case of map error
occurrences, the habitat will probably appear as a significant attribute outlier. On the other
hand, it can be seen from Appendix D that the category scrubs is very poorly separable
from the others, except for water and alpines. Therefore, a slight change in the scrubs
habitat (e.g., forestation or conversion to grassland) will not be revealed as an attribute
outlier and such a change is difficult to detect. Figure 6 also suggests that there is quite
clear inter-annual spectral variation within individual Natura 2000 habitats. This could
further complicate some of the classical methods for classifying remote sensing data.
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Figure 6. Robust Mahalanobis distance for correctly and erroneously mapped segments based on the
validation sample for years 2018 and 2022. The three types of thresholds used to identify outliers are
depicted by the horizontal lines. The data points (gray dots) are jittered to avoid overplotting and
displayed in light grey under the boxplots.

The low spectral separability of the habitat classes in our study area seems to prevent
any reliable classification, which apparently contradicts results of other studies suggesting a
high success rate of direct classification of the Natura 2000 habitats from satellite data. Based
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on Sentinel-2 satellite imagery, Le Dez et al. [5] was able to classify a total of 39 selected
habitat types in an alluvial test site in western France covering an area of 260 km?. They
chose the random forest method for classification and the resulting accuracy was up to
98% when using a total of 9 images across the study period. Three selected grassland types
were classified in Marcinkowska-Ochtyra [6] with an accuracy of up to 88% on a 25 km?
test site. A 72% success rate was achieved for a total of 18 different Natura 2000 habitat
types in a study by Rapinel [7] on a 20 km? test site on the island of Corsica. However,
these studies were always carried out on a limited sample of Natura 2000 habitat types and
in a limited area.

In contrast to the aforementioned studies, habitat classification could be challenging
for remote sensing at a whole country level. One reason is that, over a large area, the
same habitats may be in different phenological phases at the same time (i.e., spectrally
distinct from each other) and, thus, the classification algorithms may fail to assign them to
the same habitat category, even though variables affecting phenology (e.g., elevation and
terrain configuration) are also used for the classification. In this study, we suppressed the
phenology problem using a medoid mosaic (see Section 2.5). A visual inspection of the
results shows that a medoid mosaic effectively suppresses differences in phenology due
to altitude and abrupt short-term habitat changes (e.g., water bloom). The second reason
is that Natura 2000 habitat categories based on phytocenology are not always following
spectral classes detectable by remote sensing. This leads to the definition of classes which
do not necessarily correspond well with the remote sensing clusters (such as peatlands
overgrown with bushes, dry wetlands, a forest that was in the early stage of development
after planting, very sparse grass cover looking like bare soil, or scree completely overgrown
with forest, etc.). This could be seen in Appendix D, where almost no or very limited
separability of classes occurs over Natura 2000 habitats in the Czech Republic. In such
cases, it is obvious that the traditional classification will not be able to classify the given
categories correctly at a country level. However, the proposed method proved to be robust
enough to be useful in this case as well.

The main limitation of our approach to monitoring Natura 2000 habitat change is
that it still relies primarily on the spectral expression of the top layer of land cover. The
possible addition of long wavelengths reference [45] or other (in situ sensor measurements)
is allowed by the chosen method and could contribute to the resulting accuracy of the
classifications. Another limit may occur in areas with very high cloud cover. Here, the
medoid mosaic method may not have a sufficient number of cloud-free observations to
capture the most representative pixel [46,47].

Despite the above-mentioned limitations, the proposed method proved to be appli-
cable. In the future, it will certainly be interesting to validate this method with a detailed
field survey. Unfortunately, it was not possible for the research team to perform a field
validation at the level of the whole Czech Republic. However, a validation campaign will
take place in the next few years thanks to the Nature Conservation Agency of the Czech
Republic. Thanks to these data, we expect the future development and refinement of the
method described above.

5. Conclusions

This paper shows that it is possible to use remote sensing, together with the proposed
“attribute outliers” method for existing Natura 2000 field-based habitat maps, to detect
changes that can then be examined in detail. This method proved to be very reliable in
detecting even partial destruction of the habitat. However, it also shows that, in the case of
a gradual change between habitat types, many changes remain unidentifiable and hidden
in the attribute ambiguity of individual habitats.

The method based on the robust Mahalanobis distance thresholded by the 95% x>
quantile proved to be a promising tool for identifying erroneously mapped or changed
habitats. Because of its high specificity, it can relatively reliably identify a certain fraction
of habitats for which a subsequent terrain revision is likely to confirm a mapping error.
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In this way, the method can contribute to a significant improvement in the Natura 2000
mapping efforts, although some mapping errors will still remain unrevealed. The method
performs best for water habitats, but it is usable for alpines, forests, grasslands, and
wetlands as well. Furthermore, the proposed method has broad applicability for detecting
misclassifications in remotely sensed data, such as land cover, and its performance is
anticipated to improve when the classified classes align with discernible features identifiable
from an aerial perspective.
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Appendix A

Table A1. Characteristics of Sentinel-2 bands used for the final product.

Data Source Variable Polygon Aggregation
Sentinel-2 Band n.2—blue Average, Median, Std. deviation
Sentinel-2 Band n.3—green Average, Median, Std. deviation
Sentinel-2 Band n.4—red Average, Median, Std. deviation
Sentinel-2 Band n.5—red edge 1 Average, Median, Std. deviation
Sentinel-2 Band n.6—red edge 2 Average, Median, Std. deviation
Sentinel-2 Band n.7—red edge 3 Average, Median, Std. deviation
Sentinel-2 Band n.8—NIR Average, Median, Std. deviation
Sentinel-2 Band n.8A—red edge 4 Average, Median, Std. deviation
Sentinel-2 Band n.11—SWIR Average, Median, Std. deviation
Sentinel-2 Band n.12—SWIR 2 Average, Median, Std. deviation
Sentinel-1 RADAR VH April Average, Median, Std. deviation
Sentinel-1 RADAR VH May Average, Median, Std. deviation
Sentinel-1 RADAR VH June Average, Median, Std. deviation
Sentinel-1 RADAR VH July Average, Median, Std. deviation
Sentinel-1 RADAR VH August Average, Median, Std. deviation
Sentinel-1 RADAR VH September Average, Median, Std. deviation
Sentinel-1 RADAR VH October Average, Median, Std. deviation
EU DEM Slope Average
EU DEM Altitude Average
EU DEM Aspect Modus

NATURA 2000 Polygon Size
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Figure A1l. The biplots (gray dots) of the first two principle components for the individual habitat
types, based on the features from 2018. The original features are grouped into (1) central measures
(means and medians) of the optical bands (red), (2) standard deviations of the optical bands (yellow),
(3) central measures (means and medians) of the RADAR bands (green), (4) standard deviations of
the RADAR bands (blue), and (5) terrain and geometrical features (violet). The percentage of the data
variability explained by each component is shown at the axes labels.
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Figure A2. The biplots (gray dots) of the first two principle components for the individual habitat
types, based on the features from 2022. The original features are grouped into (1) central measures
(means and medians) of the optical bands (red), (2) standard deviations of the optical bands (yellow),
(3) central measures (means and medians) of the RADAR bands (green), (4) standard deviations of
the RADAR bands (blue), and (5) terrain and geometrical features (violet). The percentage of the data
variability explained by each component is shown at the axes labels.
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Appendix C

Table A2. Numbers of outliers identified using different methods (Local Outlier Factor (LOF),
Mahalanobis distance (MAH)) in combination with different thresholds (Tukey rule (Tukey), the gap
in the histogram (hist), X* distribution (X)) in the year 2018.

. MAHpjst MAHTukey MAH X2 LOFp;st LOFTukey Any
Habitat Type
# % # % # % # % # % # %
Alpines 22 115 4 2.1 50 26 0 0 0 0 50 16.2
Scrubs 79 2.01 79 2 246 6.26 16 0.4 8 0.2 246 2.54
Forests 1304 0.84 2749 1.8 10625 6.82 113 0.1 57 0 10630 2.33
Wetlands 61 2.3 57 22 439 16.6 16 0.6 6 0.2 439 10.4
Mires 117 5.28 87 3.9 234 10.6 27 1.2 7 0.3 236 7
Screes 15 7.65 2 1 30 15.3 5 2.6 1 0.5 30 9.18
Grass 698 1.1 598 0.9 7537 11.8 96 0.2 46 0.1 7538 6.03
Water 81 1.53 190 3.6 1240 23.5 17 0.3 15 0.3 1240 19
Table A3. Numbers of outliers identified using different methods (Local Outlier Factor (LOF),
Mahalanobis distance (MAH)) in combination with different thresholds (Tukey rule (Tukey), the gap
in the histogram (hist), X* distribution (X%)) in the year 2022.
Habitat Type MAHp;st MAHTukey MAH x? LOFp;st LOFTukey Any
# % # % # % # % # % # %
Alpines 23 12 2 1 45 23.4 14 7.3 1 0.5 46 24
Scrubs 136 3.46 80 2 276 7.02 23 0.6 12 0.3 276 7.02
Forests 1635 1.05 3166 2 13967  8.96 82 0.1 55 0 13974 8.97
Wetlands 82 3.09 67 2.5 435 16.4 19 0.7 10 0.4 435 16.4
Mires 86 3.88 73 3.3 227 10.3 10 0.5 7 0.3 228 10.3
Screes 21 10.7 0 0 29 14.8 2 1 0 0 29 14.8
Grass 1350 2.12 1324 2.1 5793 9.1 76 0.1 59 0.1 5793 9.1
Water 155 2.93 169 3.2 1230 23.3 8 0.2 8 0.2 1230 23.3
Appendix D
Table A4. Jeffries-Matusita spectral separability of Natura 2000 habitats. Values below 1.9 indicate
poor separability.
Alpines Scrubs Forests Wetlands Mires Screes Grass Water
Alpines 1.72 1.76 1.65 1.33 1.47 1.68 1.93
Scrubs 1.72 0.93 1.08 1.30 0.99 1.14 1.98
Forests 1.76 0.93 1.45 1.31 1.13 1.77 1.93
Wetlands 1.65 1.08 1.45 1.16 1.32 1.05 1.56
Mires 1.33 1.30 1.31 1.16 1.29 1.16 1.91
Screes 1.47 0.99 1.13 1.32 1.29 1.66 1.89
Grass 1.68 1.14 1.77 1.05 1.16 1.66 2.00
Water 1.93 1.98 1.93 1.56 191 1.89 2.00
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Table A5. Transformed divergence spectral separability of Natura 2000 habitats. Values below
1.9 indicate poor separability.

Alpines Scrubs Forests Wetlands Mires Screes Grass Water

Alpines 1.90 1.99 1.90 1.60 1.77 1.84 2.00
Scrubs 1.90 1.01 1.39 1.40 1.17 1.21 2.00
Forests 1.99 1.01 1.69 1.58 1.61 1.84 2.00
Wetlands 1.90 1.39 1.69 1.47 1.58 1.58 1.86

Mires 1.60 1.40 1.58 1.47 1.60 1.33 1.99

Screes 1.77 1.17 1.61 1.58 1.60 1.75 1.99

Grass 1.84 1.21 1.84 1.58 1.33 1.75 2.00

Water 2.00 2.00 2.00 1.86 1.99 1.99 2.00
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Figure A3. Distribution of verified polygons (red line) and their percentage loss together with an
example of the gradual destruction of the forest habitat in 2015, 2017, 2019, and 2022 due to the
gradual expansion of the sandpit near Nova Ves nad LuZnici.
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