Accuracy of UAV mapping of Natura 2000 forest, wetland and
grassland habitats: Do we need more seasons or more spectral bands?

Petra Simova'’, Jifi Prosek?, Petr Klapsté'!, Duccio Rocchini'?, Vitézslav Moudry !

T Department of Spatial Sciences, Faculty of Environmental Sciences, Czech University of Life Sciences Prague,
Kamyjcka 129, Praha - Suchdol, 165 00, Czech Republic

2 BIOME Lab, Department of Biological, Geological and Environmental Sciences, Alma Mater Studiorum
University of Bologna, Bologna, Italy

Corresponding author: simova@fzp.czu.cz

This is a non-peer reviewed preprint submitted to EarthArXiv. The manuscript is submitted
for consideration to the International Journal of Applied Earth Observation and
Geoinformation.

ABSTRACT

Mapping and monitoring of Natura 2000 habitats (Habitat Directive 92/43/EEC) is one
of the key activities to ensure the protection of natural habitats in Europe. Remote sensing
can help to acquire high-quality maps of the distribution and conservation status of Natura
2000 habitats, for example through classifying multispectral data. However, due to the high
number of habitats (classes) distinguished in the Habitat Directive, achievable classification
accuracies for individual habitats in the context of a given landscape remain unknown.
Moreover, although many recent studies have brought encouraging results in the
classification of very-high-resolution satellite data such as Sentinel-2 or Rapid-Eye, spatial
resolution in the order of several decimetres achievable with UAVs can be needed for
distinguishing individual habitat patches in fine-grain landscape mosaics. In this study, we
investigated the potential of UAVs for distinguishing eleven Natura 2000 forests, wetlands
and grasslands. The study area (~ 20 km?) is situated in the heart of the Czech Republic,
Central Europe. We aimed to assess the producer, user and overall accuracy of Random
Forest classification, considering the importance of different phenological seasons (spring,
summer), spectral resolutions of the camera (multispectral and RGB), predictor types
(spectral, textural and object) and classification scheme (detailed habitats vs their
aggregations). The highest achieved overall classification accuracy (Cohen’s Kappa) ranged
from 0.71 to 0.77 and resulted from classifying multispectral data from both seasons. We
obtained similar results from the spring season (0.67-0.76), whereas the isolated data from
summer provided poor distinguishing capacities. Relatively good accuracies (0.65 to 0.75)
were achievable even using a simple RGB camera when combining both seasons. In general,
the classification of non-forest habitats was better than that of forest habitats. Spectral
predictors (mean band values) played a crucial role in the classification, but including the
object properties and texture (spectral variability) also improved the distinguishing
capabilities.
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1. Introduction

Natura 2000 is a pan-European network of protected areas (Special Areas of
Conservation, SAC) serving the long-term protection of the European most valuable natural
and near-natural habitats (Corbane et al., 2015; Jarociniska et al., 2022; Vanden Borre et al.,
2011). Successful protection of habitats should be supported, together with a legislative
framework given by the European Habitats Directive 92/43/EEC, by spatially explicit habitat
mapping and regular monitoring of habitat conservation status. Annex I to the Habitats
Directive lists 233 European natural habitats, including 71 priority habitats in danger of
disappearance. As the Habitats Directive imposes an obligation on EU members to report the
habitats' conservation status every six years, and as the EU Biodiversity Strategy has asked
EU members to map biodiversity and ecosystem services digitally (Corbane et al., 2015),
individual countries adopted strategies to meet these mapping and reporting obligations.
Guidance on the definition of the habitats is given in the European Interpretation Manual
(European Commission 2013 and earlier versions) and in national interpretation guidelines
adjusting the European manual to the conditions of particular countries and regions (Vanden
Borre et al. 2011, Chytry et al., 2010).

The first Natura 2000 habitat mapping activities and reports were often based on
ground mapping or ground mapping supported by visual interpretation of remote sensing
data (Vanden Borre et al., 2011). Testing of advanced remote sensing techniques for
distinguishing (groups of) Natura 2000 habitats soon followed (Diaz Varela et al., 2008) and
since then, many studies have demonstrated the potential of remote sensing for Natura 2000
habitat mapping and/or monitoring their conservational status (Cahojova et al., 2022;
Corbane et al., 2015; Demarchi et al., 2020; Feilhauer et al., 2014; Jarociniska et al., 2022; Le
Dez et al., 2021; Marcinkowska-Ochtyra et al., 2019; Moravec and Moravec, 2023; Schmidt et
al., 2018, 2017; Stenzel et al., 2014). However, only some of the studies focus directly on the
distinguishability of detailed habitats according to the most detailed level of the Natura 2000
classification scheme, and report achieved classification accuracies. Although we can see
encouraging results in the sense of achievable classification accuracies for some habitats (e. g.
F1 accuracies for individual grassland habitats of 0.70-0.85 (Demarchi et al., 2020;
Marcinkowska-Ochtyra et al., 2019)), only a few of the 233 European natural habitats were
explored so far. Hence, acquiring habitat maps that would include all habitats within an area
at the thematic resolution of European natural habitats or national catalogues remains a
challenging goal.

Moreover, the issue of detailed thematic resolution is often combined with the need
for very high spatial resolution, particularly in fine-grain near-natural landscapes or
anthropogenic landscapes with residues of near-natural habitats, which are typical of Central
Europe (Billeter et al., 2008; Sklenicka et al., 2014). Although many recent studies have
brought encouraging results with the classification of very-high-resolution satellite data such
as Sentinel-2 or Rapid-Eye (Feilhauer et al., 2014; Schmidt et al., 2018), spatial resolution in
the order of several decimetres achievable with UAVs can be needed for distinguishing
individual habitat patches in fine-grain landscape mosaics (Prosek et al., 2020; Prosek and
Simova, 2019).



Although UAV mapping is frequently considered a relatively cheap technique to
obtain habitat data at a detailed spatial and thematic resolution, such mapping is still non-
trivial and time-consuming (Komarek et al., 2018; Kupkova et al., 2023; Miillerova et al.,
2017; Prosek and Simova, 2019). This is mainly true when mapping larger areas (e.g., tens of
square kilometres) or when multiple phenological phases are needed for distinguishing
thematically detailed classes, such as Natura 2000 habitats. Covering multiple phenological
seasons across large areas can be prohibitively expensive. On the other hand, it is necessary
to capture the habitat in the optimal phenological phase(s), i.e., time point(s) most suitable
for high classification accuracy and reliability, which can be difficult without prior screening
in multiple time points (Kopec¢ et al., 2016; Marcinkowska-Ochtyra et al., 2019; Miillerova et
al., 2017; Wakulinska and Marcinkowska-Ochtyra, 2020). The spectral resolution needed for
such detailed habitat mapping and, therefore, the price of the UAV camera, is another issue
that needs to be considered. Hence, it is essential to know which habitats are distinguishable
in which season and which habitats require multiseasonal UAV data and/or more expensive
equipment (e.g. multispectral camera with near-red bands compared to a cheap RGB camera)
to achieve sufficient accuracy.

In this study, we describe the potential of UAVs for distinguishing several types of
Natura 2000 forests, wetlands and grasslands at the thematic level of the European Habitat
Classification (11 habitats according to Habitat Directive) and of the Habitat Catalogue of the
Czech Republic (14 habitats; Chytry et al., 2010). We aimed to (i) describe the overall
accuracy achievable in this combination of habitats and producer/ user accuracy achievable
for each of the habitats and define and compare the effect of (ii) the phenological season and
(iii) the spectral resolution of the camera on the resulting accuracy. In other words, we aimed
to answer the practical question of whether and how much multiseasonal mapping can be
compensated for by using a camera with a higher spectral resolution and vice versa. Last but
not least, we (iv) aimed to evaluate the effect of object-based, spectral and textural predictors
on the resulting accuracy, i.e. the contribution of more demanding data processing, on the
quality of results.

2. Methods
2. 1. Study area

The study area (~ 20 km?) is situated in the Zdirské vrchy Protected Landscape Area

(PLA) in the heart of the Czech Republic, Central Europe. This highland area (500-800 m
a.s.l.), consists of a mosaic dominated by coniferous forests (especially spruce) and patches of
agricultural land combined with smaller patches of near-natural forests, wet meadows, peat-
bogs, tree and shrubby vegetation (groves, tree-lines, hedgerows), small fishponds and small
villages (80-600 inhabitants). Our study area includes seven SACs: CZ0614053 Dar'ska
raselinisté (390.51 ha), CZ0610412 Ransko (263.97 ha), CZ0614059 StiFi diil — Reka (92.62 ha),
CZ0610517 Niva Doubravy (84.95 ha), CZ0610519 Ranska jezirka (29.61 ha), CZ0612139 Pod
Kamennym vrchem (12.13 ha) and CZ0610514 Doubravnicek (5.23 ha). Most of the area is
covered by a diverse mosaic of small habitat patches. In all, there are 11 Natura 2000 habitats



(forests, grasslands and wetlands) within the study area, of which three are the priority
habitats according to the Habitats Directive (Table 1, Fig. 1).
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Fig. 1. Study area with locations of ground truth points. Ground truth points are in the centres of
habitat patches; the density of these points, therefore, indicates the size of habitat patches as mapped
for the Habitat Layer of the Czech Republic.

Table 1
Natura 2000 habitats within the study area. The priority habitats are marked with an asterisk*.
ID Habitat

6230* Species-rich Nardus grasslands on siliceous substrates in mountain areas
6430 Hydrophilous tall herb fringe communities of plains and of the montane to alpine levels
6510 Lowland hay meadows (Alopecurus pratensis, Sanguisorba officinalis)
91E0* Alluvial forests with Alnus glutinosa and Fraxinus excelsior
9130 Asperulo-Fagetum beech forests
9110 Luzulo-Fagetum beech forests
9410 Acidophilous Picea forests of the montane to alpine levels (Vaccinio-Piceetea)
91D0* Bog woodland
7140 Transition mires and quaking bogs
3150 Natural eutrophic lakes with Magnopotamion or Hydrocharition-type vegetation

2.2. Ground truth data

The National Habitat Catalogue of the Czech Republic (Chytry et al. 2010) was
created to meet the Directive obligations. At the same time, a detailed guideline for ground
mapping and GIS data processing was prepared by the Nature Conservation Agency (NCA)
of the Czech Republic. In 2000, the project Mapping of Habitats of the Czech Republic was
launched by NCA and the result of this effort, the Habitat Layer of the Czech Republic



(hereinafter referred to as Habitat Layer), provides detailed countrywide information on the
occurrence and status of natural habitats (Hartel et al. 2009). It includes all habitats of the
Czech Republic (not only those defined in the Annex I of the Habitats Directive), and
therefore it covers the whole country. The Habitat Layer is available as an ESRI shapefile at a
cartographic reference scale of 1:10,000 with a relational database of habitats and taxa (NCA
Habitat Layer).

The system of the Czech habitat types defined in the Habitat Catalogue is compatible
with those defined in the Annex I of the Habitat Directive. In some cases, however, the
definition of habitat types within Natura 2000 does not reflect the actual patterns observed in
the Czech Republic. Therefore, the habitat classification presented in the Catalogue (and,
therefore, in the Habitat Layer) has been developed as a compromise between the Natura
2000 system and the Czech reality allowing adequate description of Czech habitat types (see
the conversion of both systems for the study area in Table 2) as was common in national
habitats catalogues across Europe (Evans, 2010). The Habitat Catalogue distinguishes nine
basic groups of habitats, namely: V — Streams and water bodies, M — Wetlands and riverine
vegetation, R — Springs and mires, S — Cliffs and boulder screes, A — Alpine treeless habitats,
T — Secondary grasslands and heathlands, K — Scrub, L — Forests, X — Habitats strongly
influenced or created by man. These groups are further subdivided into units (coded, e.g.,
T1) and subunits (e.g. T1.6), totalling 140 habitats (Chytry et al., 2010).

Table 2

Conversion of Natura 2000 Habitats to Czech habitats (Chytry et al., 2010) and five classification
schemes used in this study: Czech habitats, three experimental schemes aggregating similar ones
(Agg. #1, #2, #3) and European habitats (where the habitat compatible with Czech habitat does not
exist, the Czech habitats are used). Cells with the same colour and number within the same column
indicate habitats that have been aggregated into one in the respective Agg scheme. It can be seen that
the Agg. #1, #2, and #3 schemes combine moss and fen habitats with wet meadows or forest habitats in
different ways because moss and fens in the study area are partly covered with herbs and partly with
woody plants.

. Agg. | Agg. | Agg. EU ID
CZ1ID Czech habitat ) # 43
Macrophyte vegetation of naturally eutrophic and
. 1 1 1 3150
mesotrophic still waters
T2.3 Submontane and montane Nardus grasslands 2 2 2 6230
T1.1 Mesic Arrhenatherum meadows 2 2 2 6510
T1.5 Wet Cirsium meadows 3 3 3 T1.5+M1.7
T1.6 Wet Filipendula grasslands 3 3 3 6430
M1.7 Tall-sedge beds 3 3 3 T1.5+M1.7
R2.2 Acidic moss-rich fens 4 4 9 7140
R2.3 Transitional mires 4 3 3 7140
L2.2 Ash-alder alluvial forests 5 5 5 91E0*
L5.1 Herb-rich beech forests 6 6 6 9130
L5.4 Acidophilous beech forests 6 6 6 9110
L8.1 Boreo-continental pine forests 7 7 7 L8.1
L9.2 Bog and waterlogged spruce forests 4 4 4 91D0*+9410
L10.2 Pine mire forests with Vaccinium 8 8 4 91D0*




In this study, we used the Habitat Layer as the source of ground truth data for the
classification of UAV multispectral data. 14 near-natural (i.e. except the X category)
Catalogue/Habitats Layer habitat types can be found within the study area. We created five
classification schemes (Table 2) to cover both Czech and European classifications and test the
effect of aggregation of (probably) spectrally similar habitats, namely according to the (a)
Czech Habitat Catalogue (CzHab), (b) three different aggregations of classes from the Czech
Habitat Catalogue — Agg. #1, #2, and #3) and (c) European Natura 2000 habitats (EUHab).

2.3. UAV data

We used the eBee fixed-wing vehicle (senseFly, Switzerland; take-off weight 1.3-
1.6 kg, the wingspan of 116 cm) equipped with the RedEdge-MX 5-band multispectral
camera (see Table 3 for details) for the acquisition of multispectral data. Depending on the
weight of the payload (especially the camera) and required resolution (flight altitude), the
UAV can acquire images covering hundreds of hectares in a single flight. One flight takes
60-90 minutes.

We acquired UAV images during flight campaigns in the spring (15% to 17" of May)
and summer (27 to 29* of August) to cover different phenological phases of the habitats.
The flights were conducted between 9 am and 6 pm to cover the entire study area within a
minimal number of days and, hence, to make the phenological span as narrow as possible.

The flights were performed with direct pilot supervision using an autopilot
controlled by the eMotion software. The UAV flight altitude ranged between 250-300 m
above the ground level. The flight parameters were designed to ensure a lateral overlap of
images of at least 75% and a longitudinal overlap of at least 85%. We used such a high image
overlap to address the elevation variability and diverse height of observed objects,
particularly the differences between forested and non-forested areas. The combination of all
flight parameters provided images with a spatial resolution (ground sampling distance) of
<20 cm/pix. In total, we performed eighteen flights and acquired over 15,000 individual
images in each flight campaign/season.

Table 3
Internal parameters and spectral characteristics of the multispectral camera (RedEdge-MX).

* .
Spectralband A (nm) Bandwidth (nm) Focal length (mm) * Sensor resolution

Crop f. (MPix)
Blue 475 20
Green 560 20
Red 668 10 54%*72 1.2
Red Edge (RE) 717 10

Near Infra-Red

(NIR) 840 40




2.3. Photogrammetry (SfM) data processing

We processed the UAV images using the photogrammetric range imaging technique
(Structure from Motion, SfM) in PhotoScan version 1.6.4 software. In the initial step,
radiometric calibration was performed on individual images. Surface reflectance values were
calculated using the values from the onboard irradiance sensor and a grayscale calibration
target with known reflectance values captured before each individual flight. Initial camera
calibration parameters (namely principal point coordinates, affinity and skew radial
distortion and tangential distortion coefficients) were used to eliminate the influence of lens

distortions (image residuals).

In batch processing, the following steps were applied to each of the individual flights:
Alignment of the photos (detection of identical points), construction of a dense point cloud
(creation of a densified point cloud and automatic noise points filtering), construction of a
digital elevation model, and construction of an orthorectified multispectral mosaic (hereafter

ortho-mosaic).

The resulting mosaics were built with ground sampling distances ranging from 20 to
25 cm/pixel and georeferenced using the onboard UAV GPS module (Stroner et al., 2021).
The positional accuracy of each mosaic was verified based on 8 to 12 points with known
coordinates (Ground Control Points). The achieved RMSEs on the X and Y axes were below
0.5 m (<2 pixels) for each mosaic.

2. 4. Classification

We used object-based random forest (RF) classification to distinguish individual
Natura 2000 habitats according to the Czech, European and aggregated classification
schemes (Table 2) and to evaluate the importance of the individual UAV-based predictors
(bands and indices) as well as that of camera spectral resolution in combination with the

phenological season for the classification accuracy (see Fig. 2).
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Fig. 2. Classification diagram. We evaluated the influence of (a) camera spectral resolution, (b)
phenological season (spring, summer, multitemporal), and (c) predictors used in the RF algorithm, and



different classification schemes (Czech habitats according to Chytry et al. 2010, three aggregations of
this original scheme, and European NATURA 2000 habitats) on the overall classification accuracy
(Cohen's Kappa) and producer/user accuracy of individual classes.

First, we ran segmentation by the 'Segment Mean Shift function' (ArcGIS Pro 2.7),
which groups neighbouring pixels with similar spectral characteristics together into
segments. To create segments that best describe the boundaries of the observed objects, we
iteratively tested different combinations of input parameters (spectral detail, spatial detail
and minimum segment size). After a visual inspection, we used the spectral detail value
ranging from 16 to 18.5 and the spatial detail value between 15 and 18, depending on the
study site. The minimum segment size was set identically for all study sites to 100 pixels
(representing objects with a minimum area of 5 m?). For the resulting segments, we
computed (i) spectral characteristics represented by the mean reflectances of individual
bands in each segment, (ii) textural (spectral variability) characteristics represented by the
standard deviations of the individual bands in each segment, and (iii) object characteristics
represented by compactness, rectangularity and pixel count for each segment.

Second, we used supervised RF classification ('randomForest' R package)
independently for (i) each classification scheme and (ii) each set of predictors (see Table 2
and Fig. 2 for a full list of classification schemes and used sets of predictors). We tuned RF
classification parameters using the 'train' function from the 'caret' R package. The 'mtry'
parameter (number of variables available for splitting at each tree node) was iterated from 1
to 60, 'maxnodes' (maximum number of terminal nodes that trees in the forest can have) from
5 to 200, with a step of 5, and 'ntree’ (number of trees to grow) from 500 to 2,500, with a step
of 500 (Liaw and Wiener, 2002). We selected the best parameters according to the RF
accuracy score.

2. 5. Accuracy assessment

To evaluate the classification accuracy, we used user accuracy (UA; the probability
that the habitat shown on the map will match the reality, i.e. 1-commission error), producer
accuracy (PA; the probability that the habitat is classified as such, i.e. 1-omission error), Out
of Bag error rate (OOB; the number of misclassified segments from the out-of-bag sample, or,
in other words, the number of misclassified segments in the training set obtained by
bootstrapping divided by the total number of observations), and Cohen's Kappa (Kappa;
how the classification performed in comparison with assigning the classes randomly). All
results are based on cross-validation with n=100 replications, and data proportion p=0.10 (by
'crossValidation' function from R - package 'rfUtilities'). The summary characteristics are
reported as the median of the values obtained in each repetition.

Moreover, we estimated the importance of camera types, phenological seasons, and
object-based, spectral and textural predictors for RF performance. Reported importance
values of individual variables and combinations of variables are based on the Mean Decrease
Gini — the decrease of Gini impurity when a variable is chosen to split an RF node (for more
information about this characteristic, see Liaw and Wiener, 2002). We used a variation
partitioning procedure to divide the importance of phenological seasons and camera types
for the resulting overall accuracy.



3. Results
3.1. Effect of the phenological season and camera spectral resolution on the overall accuracy

Overall accuracy depended on the combination of phenological seasons and camera
spectral resolution. Cohen's Kappa values achieved using both phenological seasons
(SPRING, SUMMER) and full spectral resolution (RGB+RE+NIR) ranged among classification
schemes between 0.71 (European Habitats) and 0.77 (Czech habitats, aggregation #3).

Classification based only on the spring season and multispectral resolution reached
very similar values (0.67-0.76) as that obtained using both seasons combined (0.71-0.77);
conversely, the classification based only on the summer data produced markedly worse
results (0.46-0.56). In other words, when full spectral resolution (RGB+RE+NIR camera) was
used, the spring flight mission was crucial, while the summer data contributed only slightly
(0.009-0.032) to the overall classification accuracy (Fig. 3).

Classification using data from both seasons and RGB bands only yielded Kappa
values ranging from 0.65 (European habitats) to 0.75 (Czech habitats, aggregation #3). This is
similar to the values obtained using multispectral resolution and only spring season (see
previous paragraph), which implies that the effects of the phenological season and camera
spectral resolution on overall classification accuracy were similar and that when using data
from both seasons, the contribution of RE+NIR bands to the overall accuracy was low. This
was particularly obvious for the aggregated schemes of Czech habitats #1-3 (0.022, 0.014,
0.019, respectively). The lower spectral resolution appeared to be compensable with two
seasonal mappings, and vice versa, spring flight campaign with a multispectral camera
comprising RE and NIR bands can substitute the summer season image acquisition. Such
behaviour of Kappa values and values of overlaps (SPRING vs. SUMMER; RGB vs.
multispectral) was consistent through all classification schemes (Fig. 3).

SUMMER la RGB 2a
SPRING NIR+RE
ALL AL - I
0.231 0.666 0.079 0.654
SUMMER A RGB
SPRING 1 1b NIR+RE 2b
ALL AL - I
0.202 0.744 0.081 0.734
SUMMER RGE
SPRING le NIR+RE 2c
ALL AL - I
0.232 0.676 0.080 0.666

Fig. 3. Variation partitioning of Cohen's Kappa accuracies for phenological seasons (1) and camera
spectral resolution (2). The effect of (selected) classification schemes is shown vertically (a—c). (a) Czech
habitats (Kappa = 0.696); (b) the most successful aggregation of the Czech habitats (#3, Kappa = 0.769);
(c) Europen habitats (Kappa = 0.708). We can see the dominant effect of the SPRING season (1) on overall
accuracy and the contribution of the multitemporal use of an RGB camera (2).



3.2. Importance of spectral, textural and object predictors

When looking at the importance of predictors in detail (Fig. 4), variables derived from
multispectral spring data were more important for classifications than those derived from
the summer acquisition, regardless of the predictor group (spectral, i.e. individual bands;
textural, i.e. spectral variability of individual bands; and object, i.e. pixel count, compactness
and rectangularity). Within the spring season, spectral predictors appeared to be more
important than the object and textural ones. Similarly, spectral predictors (particularly NIR,
red and blue bands) were the most important when evaluating both seasons together.

spectral_spring 1 MIR
object_spring ——————————— red
textural_spring ————————— olue
spectral_summer{ —————— object
textural_summer| ——— RE 1
object_summer —— areen

0 25 50 0 25 50

Mean decrease Gini Mean decrease Gini

Fig. 4. Importance of predictor groups expressed as Mean decrease Gini. Left: Combined influence
of the phenological season and the group of predictors. All spring predictors were more important
than the summer ones. Right: Importance of individual predictor groups when both seasons are
combined. Spectral predictors were the most important for the classification, although the object
group also contributed considerably.
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Mean decrease Gini
Fig. 5. Importance of individual predictors expressed as Mean decrease Gini.

The importance of individual predictors slightly differed among classification
schemes (Fig. 5); however, the essential predictors remained the same. The mean values of
spring bands are ranked as the most important, with only the pixel count and mean summer
NIR being of comparable importance. In the order of importance, they were followed by
some of the textural (spectral variability) spring predictors; this was especially pronounced
when classifying European habitats. Thus, although the mean band values appeared crucial



for the habitats classification, inclusion of the object properties and spectral variability was
worthwhile.

3.2. Effect of phenological season and camera spectral resolution on the classification accuracy of
individual habitats

Producer (PA) and user (UA) accuracy of individual habitats (Table 4) depended on
the classification scheme and, similarly to overall accuracy, on the season and camera
spectral resolution (Fig. 6). Natural Eutrophic lakes 3150 (V1) were the only habitat classified
with the absolute accuracy of 100% independently of the classification scheme.

The most detailed classification schemes, i.e. Czech habitats and European habitats,
were classified relatively successfully. 8 out of 14 Czech habitats and 7 out of 12 European
habitats were classified with both producer and user accuracies higher than 70%, despite the
similarities between some classes. Grassland habitats such as Nardus grasslands 6230 (T2.3),
Hydrophilous tall herb fringe communities 6430 (T1.6) and Lowland hay meadows 6510
(T1.1) were successfully distinguished from woody habitats and even from each other (PA
70.0-88.4, UA 73.1-86.9). The Tall sedge beds (M1.7) and Wet Cirsium meadows (T1.5) (Czech
habitats that do not have European equivalents) were the only grassland/herbaceous classes
that did not reach 70% PA and UA. Transition mires and quaking bogs 7140 (R2.2 and R2.3)
were distinguished very well not only as a combined class 7140 but even as two separate
classes in the Czech Habitat Catalogue (Acidic moss-rich fens, Transitional mires).
Compared with grasslands and mires, distinguishing between individual forest habitats
appeared problematic in these two most detailed schemes. The Alluvial forest with Alnus
glutinosa and Fraxinus excelsior 91EQ (L2.2) was the only well-distinguishable forest type (see
Table 4 for PA and UA values).

Table 4

The highest producer and user accuracies of individual Czech habitats, aggregated Czech habitats and
European habitats. Only accuracies higher than 70% are shown. Red values indicate combinations
yielding worse accuracies after aggregation compared with the original habitats.

CZID CZ habitat Agg. #1 Agg. #2 Agg.#3 EUID  EU habitat

producer/user accuracy

Vvl 100/100 | 100/100 100/100  100/100 3150 100/100
T2.3  88.4/80.8 84.8/- 6230 75.0/75.8
TL1 835768 o064 B6OBAS o5, 6510 85.0/73.3
T1.5 711/ TL5+ML7  70.5/73.2
T1.6  70.0/86.9 80.0/86.1  80.1/914  76.5/934 6430 73.1/81.8
M1.7 /- TL5+ML7  70.5/73.2
R22  92.0/737 79.8/- 98.3/-

R23  884/808 | O 80.1/91.4 765934 P 91.0/84.3
122 71.8/89.3 |76.1/858  77.0/855 76.1/858 91E0*  74.0/88.3
L5.1  84.3/71.7 9130 84.0/-
5.4 . 794/802  80.2/823  79./818 . "
L81  735/- 75.4/- 76.3/- 75.8/- L8.1 74.7/-
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Fig. 6. Producer and user accuracies of European habitats and the effect of the camera spectral

resolution and phenological season (spring, summer). ALL — both seasons and all bands, RGB - both
seasons and RGB bands. SPRING - all bands and spring season only, SUMMER - all bands and

summer season only. See Appendix A for all classification schemes.



Aggregations #1-3 were beneficial for some habitat combinations but were associated
with poorer detection of others. In the case of grasslands, combining habitats 6230 and 6510
improved the accuracies, as did combining T1.5, T1.6 (6130) and M1.7 habitats. However, this
improvement was accompanied by a decrease in user accuracies of the mires (R) habitat. In
forests, combining both beech habitats was beneficial, as was combining Bog/waterlogged
spruce forests (L9.2) with Pine mire forests (L10.2).

The effect of the phenological season and spectral resolution of the camera on the
classification accuracy of individual habitats follows a similar pattern as in the case of overall
accuracy. As Fig. 6 shows for European habitats, PA/UA of individual habitats differ across
habitats, seasons and camera bands. The highest PA/UA values were (not surprisingly)
achieved when combining both seasons and all spectral bands (the panel ALL). However, the
accuracies obtained using only spring values with all bands (the SPRING panel) and those
using values from both seasons with RGB bands only (RGB panel) were only slightly lower.
This implies that the effects of the season and spectral resolution were generally similar.
However, we can see differences in individual habitats. For example, the classification of
6430 Hydrophilous tall herb fringe communities was more successful when using both
seasons than when employing better spectral resolution (as the PA/UA values are lower for
the spring than for both-seasonal RGB). These patterns were consistent across all
classification schemes. See Appendix A for all classification schemes.

4. Discussion

In this study, we analysed the detection accuracy of a wide range of habitats over a
(in terms of UAV use) large area. The study area covered about 20 km?, which is almost the
limiting extent for UAV habitat mapping when the same lighting and phenological
conditions are to be maintained. Various lighting conditions caused by different times of
acquisition during the day or partial shading within a single flight can significantly affect
radiometric accuracy and the interpretability of acquired multispectral images (Daniels et
al., 2023; Jenerowicz et al., 2023; Zhou et al., 2022). Another challenge associated with the
classification of imagery data lies in the increased occurrence of shadows, which leads to
misclassification (Movia et al., 2016; Weil et al., 2017; Wu et al., 2014). The presence and
extent of shadows are the more pronounced, the further the acquisition time is from solar
noon. This presents a trade-off between (i) the desire to process as large an area as possible
within a single day (or a single flight campaign) to cover the same phenological phase of
plants and (ii) the effort to ensure consistent lighting conditions and minimize shadows.
Consequently, this poses a significant limitation for UAV applications in terms of the
manageable coverage area, which needs to be considered. In our study, flights were
conducted throughout the whole day (specifically from 9 AM to 6 PM). Radiometric
correction is an essential step in such cases. After standardized radiometric corrections
within the Agisoft software, the resulting classification does not exhibit noticeable artefacts
caused by different times of day or shading from cloud cover. However, one flight
conducted between 6 to 7 PM had to be excluded from the processed dataset due to poor
lighting conditions.



Many authors emphasize the importance of the data acquisition season (and thus the
phenological phase of plants) and spectral resolution of the data for classification accuracy
(Cruz et al., 2023; Demarchi et al., 2020; Jarociniska et al., 2022; Marcinkowska-Ochtyra et al.,
2019, 2018; Miillerova et al., 2017; Wakulinska and Marcinkowska-Ochtyra, 2020). This is
consistent with our results. Similar to (Cruz et al., 2023), the highest accuracies were
achieved in our study when using multitemporal data. However, when only one time point
is to be selected for the flight campaign, the results of the studies differ. For example, (Cruz
et al., 2023) recommend the middle of the growing season for coastal dune habitats, while in
our study, the best results for our habitats were achieved at the beginning of the growing
season. This shows that it is not possible to recommend one optimal data acquisition time
that would be universally valid for all habitats. For the purpose of mapping and, hence,
protecting Natura 2000 habitats, it is, therefore, necessary to further test in which
phenological phases habitats are spectrally best distinguishable.

In the study area, forests, meadows, and wetlands were represented, including
several Natura 2000 habitats of each of these main categories. This is a significant
improvement brought by our study compared to studies dealing with fewer habitats as the
accuracy of the classification and importance of spectral bands for distinguishing individual
habitats can be significantly affected by habitats present in the study area (Jarociniska et al.,
2022; Stenzel et al., 2014). Therefore, a combination of multiple habitats can bring more
reliable resulting producer and user accuracies. With this in mind, we selected the study area
to include habitats that are (viewed from above) both structurally and optically very
different (e.g. Herb-rich beech forests vs. Mesic Arrhenatherum meadows) and very similar
(e.g. Herb-rich beech forests and Acidophilous beech forests). There were also habitats that,
although dominated by different woody species when viewed from above, allow a good
view into the understory that is optically similar (e.g. Bog/waterlogged spruce forests vs Pine
mire forests).

Thanks to this design and the aggregation schemes that grouped individual
(potentially similar in their reflectance) habitats into joint classes, we showed similarities and
differences between several Natura 2000 habitats as viewed by multispectral or RGB sensors.
It is not surprising that habitats dominated by the same tree species while differing in their
herbaceous understories, such as Herb-rich beech forests and Acidophilous beech forests,
were not distinguishable individually, but reached good producer and user accuracies (both
of approx. 80%) when they were combined. Interestingly, the combined category “beech
forests” yielded these accuracies despite the particular aggregation scheme, hence that near-
natural beech forest can be considered as well distinguishable from other Natura 2000 forests
habitats (pine, spruce, and ash-alder forests) under study. The aggregation schemes also
showed similarities of forest habitats dominated by different coniferous species, such as
bog/mire spruce and pine forests. This is probably because tree cover is sparse in such
habitats with high groundwater levels, whereas the herbaceous and moss cover of these
habitats visible from the above is very similar in species composition and reflectance. The
classification of herbaceous Natura 2000 habitats can also be tricky. Although their visibility
from above is not confused by tree cover, the same group of herb species can dominate in



different habitats. This is shown on the example of Tall-sedge beds and Wet Filipendula
grasslands, both of which can be optically influenced by tall sedge species.

Based on the results and classification accuracies achieved in our study, it is clear that the
classification of UAV data cannot yet fully replace field mapping. While the accuracies
achieved are relatively high, it is important to consider whether this level of accuracy is
acceptable for specific conservation purposes. For example, if we wanted to monitor changes
in the health of a particular habitat in selected patches, we would need to know that the
patch represents the habitat. Thus, we need the highest possible user accuracy. If we aim to
find as many as possible occurrences of a given habitat in an unmapped area, we need the
highest possible producer accuracy. Of course, it is optimal to achieve high values for both
UA and PA. Simultaneously high (80% or more) UA and PA were achieved mainly for non-
forest habitats (grasslands and wetlands V, T, M and partly R), especially for the Czech
classification scheme or for aggregation of certain grassland habitats into one. For forest
habitats, UA of 80% or more was rarely achieved, mostly ranging between 70 and 80%. These
UA values were compensated by low PA for most forest habitats (except aggregated beech
forests). In general, therefore, non-forest habitats performed better than forest habitats in the
classification. A number of pixels of forest habitats were probably not found by the
classification in the study area. For practical conservation use, it would, therefore, be possible
to identify patches of forest suitable for ongoing monitoring rather than, for example,
determining the total area of individual forest habitats in the study area.

Direct comparison of the accuracies obtained for individual habitats with other
papers is difficult because habitats used in our study were only rarely studied. Moreover,
none of the studies focusing on the same Natura 2000 habitats as ours report producer and
user accuracies achieved by UAVs. In comparison with Natura 2000 habitat classifications
based on multispectral satellite data (e.g. Feilhauer et al. (2014), Stenzel et al. (2014)), the
UAV-based classification yielded higher overall accuracy even though we worked with a
higher number of habitats. This can be attributed to the higher spatial resolution of UAVs,
but also to the specific appearance and pattern of habitats in areas under study.

5. Conclusions

Our findings highlight the importance of timing of data acquisition and suggest that
using a multispectral camera in the spring season (in the latitude of the Czech Republic) may
be a cost-effective way to classify Natura 2000 habitats based on UAV data. A combination of
an RGB camera and two seasons of mapping gave similar results. The highest accuracies can
be achieved, not surprisingly, by combining a multispectral camera and multiple seasons. To
increase the effect of multiple seasons, it could be fruitful for further studies to replace
summer with autumn, when the spectral signatures of herbaceous habitats and deciduous
forests can differ more than in the summer.

Moreover, the study highlights variations in classification accuracy for individual
Natura 2000 habitats within different classification schemes. The most detailed schemes,
such as Czech and European habitats, achieved relatively successful classification results,
particularly in distinguishing individual non-forest habitats. Aggregating certain habitats



into a combined class can improve accuracy in some cases but may lead to impaired
detection capability in others. In general, we recommend testing multiple classification
schemes with different aggregations of habitats that are potentially spectrally similar due to
dominant woody or herbaceous species. This can provide a reliable UAV-based classification
that can be refined to the level of individual Natura 2000 habitats by additional field

mapping.
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Scheme 4: Czech habitats, Aggregation #3
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Scheme 5: European habitats
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