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Abstract: Accurate mapping of forest habitats, especially in NATURA sites, is essential information
for forest monitoring and sustainable management but also for habitat characterisation and ecosystem
functioning. Remote sensing data and spatial modelling allow accurate mapping of the presence
and distribution of tree species and habitats and are valuable tools for the long-term assessment of
habitat status required by the European Commission. In order to serve the above, the present study
aims to propose a methodology to accurately map the spatial distribution of forest habitats in three
NATURA2000 sites of Cyprus by employing Sentinel-1 and Sentinel-2 data as well as topographic
features using the Google Earth Engine (GEE). A pivotal aspect of the methodology identified was
that the best band combination of the Random Forest (RF) classifier achieves the highest performance
for mapping the dominant habitats in the three case studies. Specifically, in the Akamas region,
eight habitat types have been mapped, in Paphos nine and six in Troodos. These habitat types are
included in three of the nine habitat groups based on the EU’s Habitat Directive: the sclerophyllous
scrub, rocky habitats and caves and forests. The results show that using the RF algorithm achieves
the highest performance, especially using Dataset 6, which is based on S2 bands, spectral indices and
topographical features, and Dataset 13, which includes S2, S1, spectral indices and topographical
features. These datasets achieve an overall accuracy (OA) of approximately 91-94%. In contrast,
Dataset 7, which includes only S1 bands and Dataset 9, which combines S1 bands and spectral indices,
achieve the lowest performance with an OA of approximately 25-43%.

Keywords: Random Forest; Google Earth Engine; Cyprus; machine learning; NATURA2000

1. Introduction

Forest habitat mapping constitutes a critical pillar of forest management, biodiversity
conservation, ecological monitoring and forestry. Forest habitats were mainly mapped
through field surveys and manual identification [1]. This involved personal effort from
foresters observing and identifying habitats based on their characteristics and knowledge
of local flora through site visits. The need for more efficient and large-scale techniques
of forest habitat classification grew over time, leading to the development of aerial pho-
tography in the mid-20th century [2] and eventually to the advent of satellite technology
in the late 20th century, resulting in the advancement in forest habitats classification [3].
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Accurate forest habitat identification is achieved through the capability of satellite sensors
to retrieve information in different parts of the electromagnetic spectrum such as the visible,
near-infrared and shortwave infrared. Over the past few decades, the science of remote
sensing has expanded in different forest applications, such as fire damage assessment [4],
time series of forest seasonality [5] and even calculating forest canopy density [6]. These
different forestry applications utilising remote sensing are essential for monitoring forest
areas, especially when dealing with NATURA 2000 habitats. The importance of monitor-
ing these sites is that NATURA is the world’s largest coordinated network of protected
areas, extending across all 27 EU Member States on land and at sea. The areas within
NATURA 2000 are designated under the Birds (2009/147/EC) and Habitats Directives
(92/43/EEC), indicating their importance for systematic monitoring [7]. In Cyprus, this
network covers 63 sites covering 10,145 km?, ranking it among the top EU countries regard-
ing the percentage of the land area included within the NATURA 2000 network. Moreover,
75% of state forest land is included in the network, in which 26 sites host significant forest
areas [8] and more than 700 different plant species as recorded in the Red Data Book of
the Flora of Cyprus [9]. Consequently, the need to systematically monitor these areas is
vital for several reasons, such as biodiversity conservation, habitat assessment, policy and
management [10].

Various plant classification techniques are currently available; thus, selecting the most
appropriate method depends on the site-specific characteristics. Traditional spatial-based
classification techniques such as Random Forest (RF) [11,12] and Support Vector Machine
(SVM) [13] have been broadly exploited in numerous studies where comparisons with other
classifications have been conducted [14-16]. However, recent advancements in machine
learning (ML) have led to the development of deep learning classification techniques for
plant species classification, such as Convolutional Neural Networks (CNN) [17,18], Long
Short-Term Memory Networks (LSTMs) [19,20], Recurrent Neural Networks (RNNs) [21,22]
and Multilayer Perceptrons (MLPs) [23]. For this study, the Random Forest was selected
since it is considered to be one of the most widely used algorithms for land cover classi-
fication using remote sensing data [24-30]. This is confirmed by the meta-analysis con-
ducted by Tamiminia et al. 2020 [31], based on 349 peer-reviewed GEE articles published
in 146 journals between 2010 and October 2019, showing that the Random Forest was
the most frequently used algorithm for satellite imagery processing. This is due to effec-
tively managing outliers and datasets characterised by significant noise. Also, it features
robust performance in high-dimensional and multisource data. Furthermore, in numerous
studies, the RF has demonstrated higher accuracy in comparison with other widely used
classifiers such as Support Vector Machine (SVM), Gradient Tree Boost, Classification and
Regression Trees (CART) [31,32]. In addition, another advantage of the RF is the enhanced
processing speed achieved through the selection of essential variables [33,34].

Another crucial factor for the study area is where the classifier is utilised. Diverse types
of vegetation such as grasslands [35,36], shrubs [37,38], mangroves [39,40], wetlands [41,42],
croplands [43], tundra [44] and forests [45] may require different remote sensing classifica-
tion methods due to their unique characteristics. The challenges posed by data complexity
and availability are crucial across these ecosystems. In recent years, the rise of cloud-based
platforms, particularly Google Earth Engine (GEE), has brought significant advancements
in forest species and habitat classification, providing access to vast datasets of satellite
images, data analysis and visualisation tools [46]. GEE has been widely used due to its
advantage of handling large datasets and performing complex analyses, while at the same
time providing a set of state-of-the-art classifiers for pixel-based classification that can be
utilised for forest habitats classification in a variety of complex ecosystems [21,47,48]. For
instance, a study conducted in Indonesia compared the three ML classifiers available in
GEE, the SVM, RF and the Classification and Regression Trees (CART) for discriminat-
ing mangroves and non-mangroves has led to the outperformance of SVM compared to
the other classifiers [49].
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The mapping of NATURA 2000 areas utilising satellite remote sensing is critical for
monitoring changes in these habitats over time. Numerous studies in different regions in
Europe have examined how these habitats can be mapped [50-54]. One study introduced
an ML framework for the NATURA 2000 habitat monitoring in Germany exploiting readily
available MODIS (Moderate Resolution Imaging Spectroradiometer) surface reflectance
data [55], whereas a study in Poland aimed to classify NATURA 2000 grassland habitats
exploiting hyperspectral data fused with topographic indices [56]. Another study in Central
Slovakia utilised a phytosociological approach integrated with Sentinel-2 satellite data
with software that they created to differentiate the various NATURA 2000 habitats [57].
Regarding the Cyprus territory, according to the literature, only two studies were focused on
mapping NATURA 2000 sites in Cyprus. However, the first study dates from 2008, utilising
a multispectral image from QuickBird satellite focusing on a small area west of Nicosia [58].
Although the second study was newer (2018), focusing on multiple NATURA 2000 sites,
it implemented only photointerpretation using orthophotos with some supplementary
materials (i.e., Google Earth imagery, etc.) [45]. These two studies highlighted the need for
more research on mapping NATURA 2000 habitats in Cyprus, underscoring the need for
further studies to understand and preserve the unique biodiversity and habitats within
these protected areas. These findings show a profound gap in mapping forest habitats
through satellite images in Cyprus.

The study aimed to accurately map the spatial distribution of forest habitats in
NATURA?2000 sites using different types of satellite data (optical, RADAR) and topographic
features in the Google Earth Engine (GEE) environment. More specifically, the objectives of
the research were: (1) to examine the impact of using spectral indices and the backscatter
coefficient for forest habitats mapping at a regional scale, (2) to determine the relationship
between the time of data collection (month of the year) and the accuracy of mapping and
(3) to investigate the possibility of mapping the spatial distribution of forest habitats in
the study areas with high accuracy. This will enable a better understanding of the dy-
namics of these areas and will serve as a management tool towards the preservation of
these habitats. Furthermore, the proposed methodology is a valuable tool for Article 17 of
the Habitats Directive, which focuses on updating the conservation status of habitats every
six years.

2. Materials and Methods
2.1. Study Area

For the purposes of this study, three NATURA2000 sites were selected, which are the Paphos
(Special Protection Area), Troodos (CY5000004) and Akamas Peninsula (CY4000010), as shown
in Figure 1.
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Figure 1. Location of the examined NATURA 2000 regions.
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2.1.1. Paphos State Forest: CY2000006

Paphos State Forest is located in the northwest part of the Troodos range, and it covers
602 km?. It is one of the most crucial state forests of the island because it includes extensive
natural habitats that comprise many flora and fauna species. Its significance lies in the fact
that it constitutes the most extensive continuous forest ecosystem in Cyprus, with the largest
pine forest on the island, the unique endemic cedar forest (a priority habitat) and several
other forest habitats. Apart from that, the area’s avifauna contains 96 bird species and given
its significance, has been suggested as a Special Protection Area (SPA). Furthermore, it is
essential because it is the only biotope that hosts the endemic Ovis orientalis ophion and
supports the largest population of Coluber cypriensis (Cyprus whip snake) [59].

2.1.2. Akamas Peninsula (CY4000010)

Akamas is situated in the westernmost part of the island and presents high ecological
value due to its geographical position and landscape diversity. Specifically, the Akamas
Peninsula represents well-conserved Eastern Mediterranean ecosystems, including high
habitat and species diversity. Akamas NATURA region covers 179 km? but this study
examines only the terrestrial area, which covers an area of 124 km?2. Furthermore, it is one
of the only three sites in Cyprus with the endemic priority serpentinophilous grasslands
habitat. In regard to fauna, Akamas is vital for the avifauna, and especially for the migratory
birds [60].

2.1.3. Troodos (CY5000004)

The National Forest Park of Troodos is situated at the centre of the Troodos massif
and covers an area of 90 km?. The area’s importance lies in the large number of plants
and endemic plants hosted in the area compared to any other area of the island. Also, it
has been characterised as one of the 13 “Plant Diversity Hot Spots” in the Mediterranean
region. Furthermore, we have to highlight that the Pallas” pine forests (priority habitat)
are extended only on Troodos, while the stinking juniper (Juniperus foetidissima) woods
(priority habitat) are confined to this area [61].

2.2. Datasets

The mapping of the primary forest habitats in the three NATURA 2000 regions was
conducted using Sentinel-1 and Sentinel-2 satellite images in combination with auxiliary
data for elevation and slope, which are derived from DEM. For each case study, we use
habitat types according to the EU Habitat Directive, which includes nine habitat groups:
(1) coastal and halophytic habitats, (2) coastal sand dunes and inland dunes, (3) freshwater
habitats, (4) temperate heath and scrub, (5) sclerophyllous scrub, (6) natural and semi-
natural grassland formations, (7) raised bogs and mires and fens, (8) rocky habitats and
caves, (9) forests. For this study, habitat types were selected from groups 5, 8 and 9, with
the selected habitats for each case study detailed in Table 1.

Table 1. Habitat types were mapped in each case study according to the EU Habitat.

Paphos Akamas Troodos
: No. of Pixels . No. of Pixels . No. of Pixels
Code Habitat Per Class Code Habitat Per Class Code Habitat Per Class
Thermo-Mediterranean * Endemic forests with * Endemic forests with
H5330 and pre-desert scrub 1357 H9560 Juniperus spp. 2269 H9560 Juniperus spp. 1501
Sarcopoterium spinosun Mediterranean pine Mediterranean pine
H5420 P et 2441 H9540  forests with endemic 2660 H9540  forests with endemic 1655
phrys Mesogean pines Mesogean pines
Southern riparian Medit .
Eastern Mediterranean galleries and thickets editerranean pine
H8140 1849 H92D0 ; . 62 H9530 forests with endemic 1534
screes (Nerio-Tamaricetea and Mesogean pines
Securinegion tinctoriae) geanp
: ; : : Platanus orientalis and
Platanus orientalis and Platanus orientalis and - . :
H92C0 Liquidambar orientalis 1305 H92C0 Liquidambar orientalis 177 H92C0 Liquidambar c{) rientalis 124
woods woods woods

(Platanion orientalis)
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Table 1. Cont.

Paphos Akamas Troodos
. No. of Pixels : No. of Pixels . No. of Pixels
Code Habitat Per Class Code Habitat Per Class Code Habitat Per Class
Southern riparian N
Hoopo ~ alleries and thickets 188 H9290 Cupressus forests 230 H9390 chr?ge?i‘t?ofvdift%r et 367
(Nerio-Tamaricetea and (Acero-Cupression) Quercus alnifolia
Securinegion tinctoriae)
Olea and Ceratonia Thermo-Mediterranean Sarcopoterium spinosum
9320 forests 1002 H5330 and pre-desert scrub 712 H5420 phrygana 330
* Scrub and low forest S teri .
H9390 vegetation with 3000 Hb5420  >#reopo ﬁ’;“’ﬁf\g’”os“m 1301 318
Quercus alnifolia phrys
Mediterranean pine Olea and
H9540 foﬁézovgle?neggé?m 2148 H9320 Ceratonia forests 778 104
Hos90 . Cedrus brevifolia forests 935

(Cedrosetum brevifoliae)

* Indicates priority habitat types.

The collection of the samples for the forest habitats was conducted by the Department
of Forests in Cyprus through site visits in the framework of the IP Physics program. Table 2
presents some examples from the habitat types and their corresponding Sentinel-2 images.

Table 2. Samples of habitat types were mapped. The table presents the name of the habitat type,
images from the site visits and the corresponding Sentinel-2 image.

Code

Sentinel-2 Image

H9540

H92C0

H9590
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Table 2. Cont.

Code

Sentinel-2 Image

H9390

H9320

Furthermore, the processing of the images, as presented in Figure 2, was conducted in

the Google Earth Engine (GEE) environment. The GEE is a planetary scale platform for
analysing and visualising geospatial data. In this study, the GEE was utilised to create
a process for obtaining the band reflectance values, vegetation indices and backscattering
coefficients from Sentinel-1 and Sentinel-2 in order to employ the pixel-based Random
Forest (RF) classifier for the mapping of the forest habitats in the study areas. An overview
of the satellite sensors is presented in the following sub-sections.

3 Sentinel-1 IW LEVEL 1 * Sentinel-2 MS
Ground Range Detected (GRD) 3 LEVEL 2A

NASA SRTM Digital Elevation
(Ancillary Data)

(April to September)

— | Cloud Mask I
Filtering I
(dates, polarizations, inst. Mode, AOI) .
Filtering
I (dates, cloud cover, AOI)
Monthly Composites | |

Samples Collection

Monthly Composites
(April to September)

Elevation, Aspect, Slope

RADAR Spectral Indices Calculation
(RVI, NDPI)

Spectral Indices Calculation
(NDVI, NDRE, SAVI, NDMI, EVI)

|

I

Data Integration and preparation of the 13 scenarios

l

I Training Validation
(70%) (30%)

Random Forest Classifier

|

Forest Species Classification map

[EE—

|

Accuracy Assessment
(OA, PA, CA, f1, kappa)

Figure 2. Flow chart of the classification of the habitats in the three NATURA2000 regions.
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2.2.1. Sentinel-1

The Sentinel-1 mission is a European SAR satellite comprising a constellation of
two polar-orbiting satellites (Sentinel-1A and -1B). It also uses a single C-band Synthetic
Aperture Radar (SAR) sensor, which can penetrate clouds with a spatial resolution of
10, 25, or 40 m and a temporal resolution of 6-12 days at a central frequency of 5.405 GHz.
Furthermore, these satellites are enabled to acquire data in four modes: strip map (SM),
interferometric wide swath (IW), extra-wide swath (EW) and wave mode (WV) [62,63].

This study used the Sentinel-1 Ground Range Detected (GRD) product considering
the interferometric wide swath (IW) mode in the ascending and descending view an-
gle. Furthermore, the horizontal /vertical-transmit/receive (HV) and the vertical / vertical-
transmit/receive (VV) were processed. On 3 August 2022, the European Commission and
ESA (European Space Agency) announced the end of the Sentinel-1B satellite mission;
therefore, data collected after 21 December 2021 were processed only for Sentinel-1A [64].
In addition, all images from May to September 2022 were selected and preprocessed by
the Sentinel-1 toolbox. The preprocessed actions included thermal noise removal, radio-

metric calibration, terrain correction and the conversion of backscatter coefficients (oy) to
decibels (dB).

2.2.2. Sentinel-2

ESA launched the Sentinel-2 mission, an optical platform equipped with a multispec-
tral instrument that includes two satellites (Sentinel-2A and Sentinel-2B). Furthermore,
this mission enables the acquisition of data in 13 spectral bands presented in Table 3 in
different spatial resolutions (10 m, 20 m and 60 m) every five days on average [65,60].
The Sentinel-2A satellite was launched on 23 June 2015, and 2B on 7 March 2017.

Table 3. Spatial resolution and central wavelength for Sentinel-2 bands.

Sentinel-2 MSI

Band Wavelength (mm) Resolution (m)
1 Coastal aerosol 433-453 60
2 Blue (B) 458-523 10
3 Green (G) 543-578 10
4 Red (R) 650-680 10
5Red edge 1 (RE1) 698-713 20
6 Red edge 2 (RE2) 733-748 20
7 Red edge 3 (RE3) 773-793 20
8 Near infrared (NIR) 785-900 10
8a Near infrared narrow (NIRn) 855-875 20
9 Water vapour 935-955 60
10 Shortwave infrared/cirrus 1360-1390 60
11 Shortwave infrared 1 (SWIR1) 1565-1655 20
12 Shortwave infrared 2 (SWIR2) 2100-2280 20

As well, to avoid any impacts from the cloud cover in the analysis, the images were
filtered to have <10% cloud cover across the entire scene, especially above the four study
areas. Moreover, bands with spatial resolution at 10 and 20 m were used for this study.

2.2.3. Auxiliary Data

Since some vegetation habitats present different distributions dependent on the elevation
and slope, we also used the Shuttle Topography Mission elevation data with 30 m resolution
to enrich the algorithm with extra information to improve the accuracy.



Remote Sens. 2024, 16, 1373

8 of 23

2.3. Method

In this study, the supervised pixel-based image classification was conducted to distin-
guish forest habitats within the NATURA 2000 sites using the Random Forest algorithm.
This classification was based on monthly image composites from May to September. Winter
months were excluded from the analysis due to snow and clouds at higher elevations.

Based on Phan et al. [29] and Pratico et al. [49], the selection of band combinations in
the image significantly affects the classification accuracy. So, to evaluate the contribution
of the different band reflectance values, the backscattering coefficient and the vegetation
indices to the classification results, the thirteen datasets that were tested are presented in
Table 4. For implementing the first six datasets, the 52 bands with 10 m and 20 m spatial
resolution were used, and the bands with 60 m spatial resolution were excluded from
the analysis.

Table 4. Band combination protocols for experimental datasets.

Dataset Band Combination
Dataset 1 S2 (VIS + NIR)
Dataset 2 S2 (VIS + SWIRs)
Dataset 3 S2 (VIS + REs)
Dataset 4 S2(Bands 10 m and 20 m)
Dataset 5 52 Bands + 52 Spectral Indices
Dataset 6 Dataset 5 + Topographical Features
Dataset 7 S1(VV and VH)
Dataset 8 Dataset 7 + Topographical Features
Dataset 9 Dataset 7 + S1 Spectral Indices
Dataset 10 Dataset 9 + Topographical Features
Dataset 11 Dataset 4 + Dataset 7
Dataset 12 Dataset 5 + Dataset 9
Dataset 13 Dataset 12 + Topographical Features

VIS = Visible bands of S2, NIR = Near Infrared Band of S2, REs = Rede Edge bands of S2, Topographical
Features = Elevation, Aspect, Slope, VV and VH = Polarization of S1.

In this study, the impact of various band combinations as shown in Table 4 was evalu-
ated, including spectral indices, on classification results. The aim is to identify the most
effective combination to achieve higher thematic accuracy. The existing literature has
demonstrated that combining SAR and optical data allows for the identification of different
physical and spectral characteristics of land cover, potentially enhancing classification
outcomes [48,66-70]. Moreover, the use of spectral indices has been shown to improve
classification [48,71-73].

According to the equations presented in Table 5, the study estimated the spectral
response of forest habitats using commonly used spectral indices derived from Sentinel-1
and -2. In the analysis used in the study, these spectral indices were incorporated as new
layers to create image composites for the abovementioned datasets in Table 4. The spectral
indices were used since each can provide additional information for the analysis. One
example is the use of NDVI, one of the most widely used vegetation indicators that highlight
the vegetation condition [74] and the SAVI, which considers the terrain and, in cases with
low vegetation cover, corrects the effects of soil brightness. For the leaves’ water content,
the NDMI index was used, which is based on the ratio of NIR and SWIR [75]. The NDRE
index based on the NDVI formula was used; however, the Red Edge instead of Red [76].

In regard to the spectral indices estimated using the Sentinel-1 data, the RVI was
selected because it is considered more beneficial for monitoring vegetation as it is less
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affected by changes in environmental conditions like soil moisture [77]. The NDPI was also
used because it gives information on the surface roughness [78].

Table 5. Vegetation indices equations based on S2 and S1.

Satellite Vegetation Indices Abbreviation Equation Reference

Normalised Difference Vegetation Index NDVI % [74]

i i NIR—RED EDGE
Normalised Difference Red Edge Index NDRE e it [79]
s Enhanced Vegetation Index EVI 25(NIR—RED) [80]

NIR+6 RED—75BLUE+1
Soil-Adjusted Vegetation Index SAVI L5(NIR—RED) [81]
NIRTREDT05
i i i SWIR—-NIR

Normalised Difference Moisture Index NDMI SRR [75]
s1 Radar Vegetation Index RVI % [82]
Normalised Difference Polarisation Index NDPI g“;;“;g [83]

2.4. Random Forest

RF is a tree-predictor algorithm whereby each object depends on the values of a random
vector sampled independently and with the same distribution for all objects [84]. The RF can
combine multiple decision trees and use average or voting schemes to calculate the results.
This contrasts with a single decision tree and helps reduce the model’s instability and sensi-
tivity while increasing its predictive power [85]. Using the tree rule, the decision-making
process is repeated at each internal node from the root node until the termination condition
is satisfied [86].

The number of trees was set to 300, and the other parameters to the default be-
cause, based on the tests and recommendations by previous studies, they provide higher
accuracy [87-91].

2.5. Accuracy Assessment

Accuracy assessment assists in evaluating the classifier’s performance, where the most
widely used statistical accuracy assessment method in land cover classification is the confusion
matrix. The collected samples for each case study were randomly allocated by 70% to train
the classifier, while the remaining 30% were used to validate the results. This split is achieved
through the “randomColumn” method in Google Earth Engine, ensuring that each sample’s
allocation to either subset is determined randomly. This technique helps in maintaining unpre-
dictability in the distribution of training and test data. Five evaluation indices were implemented
based on 30% of the samples to assess the classified maps corresponding to each dataset. Specif-
ically, a confusion matrix was generated from which the kappa coefficient, the overall accuracy,
the producer’s accuracy, the user’s accuracy and the F1 score were derived.

The confusion matrix cross-tabulates the ground reference class against the classified
results per thematic category. The overall accuracy (OA) represents the percentage of pixels
assigned with the correct label. Producer’s accuracy estimates how well the reference pixels
per class are correctly classified, while user’s accuracy estimates the probability that a pixel
classified into a class represents the same (true) class using the reference sample [49,92,93].
The kappa value measures the classification performance compared to values assigned by
chance and shows the overall agreement between classification and ground reference [92].
It can take values from 0 to 1, in which a kappa coefficient close to 0 indicates no agreement
between the classified results and the reference (truth) data, while a kappa coefficient
close to 1 indicates an agreement between classified and reference (truth) data. Finally,
the F-score, the harmonic means of recall and precision, is another classification accuracy
metric representing the balance between the user’s and the producer’s accuracy [49].
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The Kappa Coefficient equation is used for the training of the GEE classifiers.
0A = NZi:jzl Cijs @
PA= @)
=15

UA = _Si 3)

i1 G

PAxUA
F=2% ——«+— 4
"PATUA’ @

Nl Gij— Xl GG
Kappa Coef ficient = = —= )
N2 — Yo GG

where N is the number of rows in the error matrix, C;; is the number of observations in
a row and column, C; is the total number of observations in a row, Cj is the total number of
observations in a column, N is the total number of observations, PA is producer’s accuracy
and UA is user’s accuracy.

3. Results
3.1. Impact of Spectral Indices and Backscatter Coefficient on Mapping Accuracy

As outlined in the methodology, this study utilised the spectral bands from Sentinel-1
and Sentinel-2 imageries and incorporated supplementary variables. This approach
was adopted to evaluate if these additional variables could enhance the precision of
the forest habitat maps. The same training and validation samples were implemented
for the mapping and accuracy assessment of the produced maps. On average, the results
indicate significant variations in accuracy across the three case studies, as detailed in
Tables 6-8. Specifically, Dataset 6, which combines Sentinel-2 bands, spectral indices and
topographical features, followed by Dataset 13, which integrates 52 and S1 bands, spectral
indices and topographical features, exhibited the highest overall accuracy (OA) and kappa
values across the three case studies (OA = 91.03-94.04%). Dataset 8, which used the S1
bands and topographical features, also shows high accuracy. It is also highlighted that
several other datasets, including 4, 11 and 12, showed strong performance, indicating their
potential suitability for forest habitat mapping. In contrast, datasets relying solely on S1
data, such as Datasets 7 and 9, showed lower performance. In the following subsections,
a description of the results for each case study is presented.

Table 6. OA, kappa and F-scores for Troodos Region.

F1 Score (%)

Dataset OA (%) Kappa

H9560 H9540 H9530 H92Co0 H9390 H5420
1 72.42 0.62 86.32 73.51 67.13 52.06 50.96 44.29
2 86.25 0.81 92.07 87.51 85.18 45.68 69.64 77.49
3 82.89 0.77 90.04 84.09 80.00 59.22 64.43 58.68
4 88.12 0.84 93.42 88.55 85.87 53.64 77.24 85.84
5 83.71 0.78 91.44 83.98 81.93 51.98 66.19 73.81
6 94.04 0.92 94.50 96.31 93.47 70.46 87.07 91.82
7 43.10 0.21 51.27 48.00 39.57 2.08 14.47 10.41
8 93.06 0.91 94.09 95.10 93.21 12.73 88.74 89.83
9 41.64 0.2 49.04 46.27 39.51 1.75 13.60 8.75
10 89.02 0.85 90.02 93.07 88.16 791 82.12 81.89
11 86.69 0.82 92.88 86.28 84.16 50.34 78.38 83.92
12 85.03 0.8 91.92 84.95 82.38 50.50 71.67 81.54
13 93.80 0.92 94.73 95.80 93.36 61.06 86.58 92.19
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Table 7. OA, kappa and F-scores for the Paphos Region.

F1 Score (%)

Dataset OA (%) Kappa
H5330 H5420 H8140 H92C0 H92D0 H9320 H9390 H9540 H9590
1 72.47 0.67 57.36 67.01 84.62 62.15 24.44 44.09 86.07 714 76.5
2 77.98 0.74 67.68 76.54 86.04 66.27 31.99 62.46 85.87 78 82.29
3 76.08 0.72 65.74 74.73 87.36 65.41 38.46 56.25 86.35 76.04 78.77
4 84.08 0.81 77.42 82.8 89.19 70.83 49.65 75.89 90.39 85.1 85.18
5 80.45 0.77 70.64 78.56 88.78 65.97 34.98 66.6 88.37 80.17 84.55
6 91.96 0.9 87.16 91.35 93.58 87.34 77.61 89.65 95.63 91.24 94.55
7 25.73 0.11 16.61 24.48 27.33 10.46 7.97 134 36.42 27.8 9.94
8 89.12 0.87 88.69 89.69 86.08 83.88 92.36 94.26 91.34 85.75 91.8
9 2491 0.1 15.13 24.2 25.53 9.7 451 14.11 35.1 28.52 9.52
10 83.81 0.81 83.52 84.29 80.84 74.91 79.62 89.02 87.55 79.27 87.2
11 84.54 0.82 77.63 84 89.58 70.51 49.82 74.81 90.56 86.44 86.26
12 81.34 0.78 70.58 79.32 89.44 65.51 33.8 70.05 88.45 83.15 85.03
13 91.64 0.9 88.17 90.82 93.95 86.38 77.63 89.89 94.64 91.55 92.76
Table 8. OA, kappa and F-scores for Akamas Region.
F1 Score (%)
Dataset OA (%) Kappa
H9560 H9540 H92DO0 H92C0 H9290 H5330 H5420 H9320
1 78.84 0.72 77.36 86.15 56.45 75.38 53.43 74.05 79.50 65.37
2 73.26 0.65 70.11 82.07 17.88 64.59 52.09 68.30 75.60 59.89
3 79.17 0.73 77.75 85.09 18.44 72.28 61.65 78.22 80.98 65.22
4 86.51 0.82 85.95 90.67 31.44 79.16 74.37 86.23 87.89 77.92
5 83.17 0.78 81.94 88.59 29.19 69.22 65.31 81.66 85.04 73.64
6 91.03 0.88 90.96 93.25 28.64 80.19 81.14 92.92 93.72 84.02
7 47.12 0.28 49.06 60.89 11.67 1.80 5.45 13.63 44.73 16.68
8 88.84 0.85 90.73 90.15 49.09 59.42 82.66 89.36 88.71 85.69
9 35.96 0.14 36.16 52.02 0.00 1.68 7.42 12.48 27.78 9.59
10 81.51 0.76 84.48 83.09 27.50 35.57 74.45 81.91 81.29 75.00
11 85.04 0.8 83.42 89.10 23.60 74.32 73.60 83.17 87.87 78.00
12 83.37 0.78 81.94 88.38 10.20 74.11 68.55 83.16 85.44 75.53
13 91.15 0.88 92.02 92.82 28.98 80.08 78.96 91.82 94.05 84.28

3.1.1. Troodos

The Troodos regions consist of six dominant habitats: habitats: H9560—]Juniperus Spp.,
H9540—Pinus brutia, H9530—Pinus nigra, H92C0—Platanus orientalis, H9390—Quercus alnifolia,
H5420—Thymbra. The comprehensive analysis in the Troodos region shows significant variabil-
ity in classification accuracy across different datasets, as shown in Table 5. This variability is
particularly evident in the assessment of individual habitat classification performance. Specifi-
cally, the F1 scores for the Juniperus spp. (H9560) and Pinus brutia (H9540) remained consistently
high across most datasets. For instance, in Dataset 6, Juniperus spp. achieved an F1 score
of 95.40%, and Pinus brutia reached 96.31%. In contrast, Platanus orientalis (H92CO) generally
showed lower performance, except in Dataset 6 and 13, where the F1 scores increased, recording
70.46% in Dataset 6 and 61.06% in Dataset 13. It is similar to the results of the Paphos region,
where most datasets achieved high performance, with results ranging between 72.42% and
94.04%, although some exceptions existed. Specifically, compared to others, Datasets 7 and 9
reached the lowest performance, with OAs at 43.10% and 41.64% and kappa coefficients of 0.21
and 0.20, respectively, across all habitats. For example, the F1 score for Juniperus spp. (H9560)
in these datasets fell to 51.27% and for Pinus brutia (H9540) to 48%. Furthermore, Platanus
Orientalis (H92CO) reaches its lowest performance with an F1 score of 2.08% in Dataset 7 and
1.75 in Dataset 9. Focusing on Datasets 6, 8 and 13, which had the highest OAs, 94.04%, 93.06%
and 93.80% and kappa coefficients 0.92, 0.91 and 0.92, respectively, shows a similar distribution
of F1 scores across all habitats. The F1 scores varied by 0-2% across most classes from Dataset 6
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to Dataset 8. However, Platanus Orientalis (H92C0) shows higher differences of ~81% between
Dataset 8 to 6 and ~13% between Dataset 13 to 8.

3.1.2. Paphos

In the Paphos region, comprehensive analysis of nine primary habitats was conducted in-
cluding H5330—Genista fasselata, H5420—Thymbra, H8140—Lithones, H92CO—Platanus orientalis,
H92D0—Nerium oleander, H9320—Olea europaea, H9390—Quercus alnifolia, H9540—Pinus brutia,
H9590—Cedrus brevifolia. The F-score values, the OA and the kappa coefficient for each habitat
across the different datasets are presented in Table 6. For instance, in Dataset 6, which presents
the highest performance based on an OA of 91.96% and a kappa coefficient of 0.90, the F1 scores
for habitats were exceptionally high, with Genista fasselata (H5330) at 87.16%, Thymbra (H5420)
at 91.35% and Lithones at 93.58%. However, in comparison with Dataset 8, which had an OA of
89.12% and a kappa coefficient of 0.87, according to the F-score values, some of the habitats like
Genista fasselata (H5330) with 88.69%, Platanus orientalis (H92C0) with 92.36% and Nerium oleander
(H92D0) with 94.26% outperformed Dataset 6. Furthermore, habitats such as Lithones (H8140),
Olea europaea (H9320), and Quercus alnifolia (H9390) consistently demonstrated high F1 score
performance across various datasets. For example, in Dataset 13, these habitats showed F1 scores
of 93.95%, 86.38% and 77.63%, respectively, underlining the robust classification performance.
Datasets 4 and 5 also show good performance with OAs at 84.08% and 80.45% and kappa
coefficient values at 0.81 and 0.77. Although these datasets are not as high as datasets 6 and 13,
suggesting that while S2 bands and indices are helpful, adding S1 and topographical features
provides a more comprehensive approach. This is further confirmed by datasets 8, 10, 11 and 12.
In contrast to the other datasets, Datasets 7 and 9 demonstrate significantly lower performance
across all habitats, with OA at 25.73% and 24.91%, respectively. The Platanus orientalis (H92CO0)
presented the lowest f-score values at 7.97% in Dataset 7 and further decreased to 4.51% in
Dataset 9. Furthermore, the highest f-score values through these datasets were achieved by
Quercus alnifolia (H9390), and were still relatively low, at 36.42% in Dataset 7 and 35.1% in Dataset
9, where these values are below the desired thresholds. Focusing on datasets 6, 8 and 13, which
are the datasets with the highest performance, the following findings are presented. Comparing
the OA of datasets 6 and 8 on an average presents a 0.35% relative difference, which means the
two datasets have similar behaviour. Despite comparing the f-score values for each class, five of
the nine classes indicate a higher percentage than Dataset 6, with an average relative difference
of less than 1%.

3.1.3. Akamas

In the Akamas study area, the investigation consists of eight main habitats:
H9560—Juniperus Spp., H9540—Pinus brutia, H92D0—Nerium oleander,
H92C0—Platanus orientalis, H9290 Cupressus sempervirens, H5330—Genista fasselata,
H5420—Thymbra and H9320—Olea europaea. The performance of the Random Forest model
varied across datasets, with OA ranging from 35.96% to 91.15% and the kappa coeftfi-
cient between 0.14 and 0.88, as detailed in Table 8. The findings were similar to those in
the Paphos and Troodos regions, Dataset 6 and Dataset 13 achieved the highest values with
OAs at 91.03% and 91.15%, respectively, and kappa a coefficient at 0.88. For instance, in
Dataset 13, Juniperus spp. (H9560) and Pinus brutia (H9540) showed remarkable F1 scores
of 92.02% and 92.82%, respectively. In contrast, Dataset 9, followed by Dataset 7, had
the worst performance, with OAs at 35.96% and 47.12% and kappa coefficients of 0.14 and
0.28, respectively. Additionally, it is highlighted that Nerium oleander (H92D0) consistently
has the lowest F1 score values with the worst results observed in Dataset 9, presenting
complete misclassification with an F1 score of 0%. Furthermore, Platanus orientalis (H92C0)
achieved moderate to high F1 scores across datasets, except in Datasets 7 and 9, which
scored notably low values of 1.80% and 1.68%, respectively. Cupressus sempervirens (H5330)
also presented variable performance, reaching its highest F1 score in Dataset 8 but showing
similar variabilities in Datasets 6 and 13 and notably low scores in Datasets 7 and 9.
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H9560 - Juniperus Spp.

3.2. Impact of Seasonal Variations on Mapping Accuracy

To assess the performance of the Random Forest based on the monthly image compos-
ites, the study compared the F1 score values for each habitat across datasets that achieved
the highest kappa and OA values. For the three study areas (Troodos, Paphos and Akamas),
comparisons were made between Datasets 6 and 13, which achieved the highest kappa and
OA values compared to other datasets. The results for each study area are presented in
the following subsections.

Troodos

In the Troodos Natura2000 region, as shown in Figure 3, almost all habitats achieved
very high F1 score values across all monthly image composites, ranging from 83-98% for
Dataset 6 and 77-97% for Dataset 13. An exception is habitat H92C0, where the monthly
image composite of April presented zero values or moderate values in May and August,
while in other cases, it achieved very high values, such as in June (93.33%) and July (100%).
To define the month with the best performance, it was considered that the problematic
classes have the most habitats to achieve high F1 score values. Based on this approach,
the June image composite was selected for mapping the Troodos NATURA2000 area, as it
consistently achieved the highest values according to the following diagram.

H9540-Pinus brutia H9530 - Pinus nigra

Fl-Score (%)

- Scenario 13

May June August September

H9390 - Quercus alnifolia H5420 - Thymbra

Fl-Score (%)

Fl-Score (%)
Fl-Score (%)

May June vay June September

Figure 3. F1 score performance for each class through Datasets 6 and 13 for Troodos NATURA2000 region.

Based on Figure 4 in the Paphos NATURA2000 region, nearly all habitats again
achieved very high F1 score values across all monthly composites and both datasets,
ranging from 84.43 to 96.8% with the exceptions of habitats H92D0 and H92C0, which in
some cases showed moderate F1 score values, such as for habitat H92D0 in Dataset 13 using
the April image composite achieving an F1 score of 78%, while H92CO0 achieved 66.6%.
Consequently, for this study area, the September image composite was selected based
on Dataset 13 for the forest habitats mapping. This selection was due to the composite’s
high F1 scores for problematic classes and, apart from that, presented the highest sum of
the f-score values from each habitat.

Similar to the findings in the other two case studies, in the Akamas region, the majority
of habitats across both datasets and all monthly composites achieved high F1 scores,
especially the habitats H9540, H9560, H5330 and H9320, as shown in Figure 5. Habitats
H92C0, H9290 and H9320 also achieved good accuracies with F1 values ranging from 72 to
89%. In contrast, the problematic class in this case study was H92D0, which presents low
F1 score values ranging from 0% to 57%. Following the same approach as with the other
two NATURA2000 regions, the June image composite was selected based on Dataset 6.
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Figure 5. F1 score performance for each class through Datasets 6 and 13 for Akamas NATURA2000 region.

3.3. Spatial Distribution of Forest Habitats

It is highlighted that Datasets 6 and 13 achieved the highest kappa and OA values,
presenting slight differences in their performance. Nevertheless, for the forest habitats
mapping, the study also considered the F1 scores across different monthly composites to
determine the month with the best performance, especially for the problematic classes.
Based on this approach, Dataset 6, utilising the June image composite, was selected for
the Troodos and Akamas areas. For the Paphos area, Dataset 13, based on the September
image composite, was chosen. The distribution of the habitats across the three case studies

is presented in Figure 6.
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Figure 6. Distribution of the habitats across the three NATURA2000 regions, Troodos, Paphos and
Akamas (arranged from top to bottom).

The evaluation of the area covered by each habitat is presented in Appendix A
in Figure Al. Specifically, in the Troodos region, most of the area consisted of H9540
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(38.85 km?, 39%) followed by H9530 (31.32 km?, 31%). Furthermore, H9560 covers 12%
of the area, and H5420 and H9390 present similar distributions covering 9% and 8%, re-
spectively. The H92CO has the smallest percentage in this study area, covering 1% of the
total area. In Paphos, most of the area consists of H9540 (315.62 km?, 53%), followed by
H5420 (119.88 km?, 20%). The habitat H92DO0 covers a small area (0.96 km?). Also, 10%
of the area comprises H9390 habitat, and H8140, H5330, H9320 and H9590 cover the rest.
Furthermore, in the Akamas region, Figure 6 shows most of the area consists of H5420
(48.69 km?, 40%), followed by H9560 (41.35 km?, 34%). In this case, H9540 covers only
12% of the area, contrasting with Paphos and Troodos, where this habitat is dominant. The
H5330 and the H9320 present an equal distribution (7%). The habitats H92D0, H92CO0 and
H9290 cover a very small area of 0.03 km?, 0.4 km? and 0.46 km?.

4. Discussion

The continuous monitoring of forests worldwide is facilitated using remote sensing
techniques that provide information on forest cover, forest habitat distribution and forest
health. Focusing on forest habitat identification is vital; for example, conservationists can
develop targeted strategies for protecting and recovering specific habitats, particularly
species at risk of extinction, by knowing the habitats present in forests [94]. Furthermore,
it is an essential tool for mitigating the impact of climate change on forests. This work
assessed the potential of integrating Sentinel-1 Sentinel-2 data to improve forest habitat
classification. Specifically, the study combined VV and VH backscatter, spectral indices from
51 and S2 bands, spectral indices from S2 and topographical features. The study aimed to
identify the most critical inputs for enhancing accuracy using the Random Forest classifier
implemented through the GEE for the forest habitats classification in three NATURA2000
regions in Cyprus.

The use of S2 provided better results in contrast with S1 in all datasets. The classifica-
tion based only on S1 data (Dataset 7 and 9) did not achieve the same high accuracy as the
classification with either combined S2 image data; this was also confirmed by [95,96]. It
is important to highlight that, in cases where S1 data were combined with topographical
features (Dataset 8 and 10), the accuracy was improved but did not achieve the accuracy as
the classification was based on combinations of 52 data.

Furthermore, the results find that using NIR, SWIR and Red Edge bands and their
combination increases classifier accuracy. These bands are essential since they provide
helpful information for discriminating forest habitats. For example, these bands have high
sensitivity to the biophysical and biochemical properties of vegetation and can provide help-
ful information about leaf properties like canopy structure, chlorophyll, etc. [97-99]. Based
on the results, the use of spectral indices does not significantly increase the classifier’s per-
formance, which is confirmed by Chatziantoniou et al. [100] and Valdivieso-Ros et al. [101].
However, the accuracy was increased when the topographical features were combined.
The findings of the study indicate that the topographical features improved the perfor-
mance of the RF based on the different datasets, which was confirmed by other stud-
ies. Specifically, several studies confirm that the use of topographical features such as
the elevation, the slope and the aspect improved the classification performance [102-104]
because the same habitat may present different phenology in different environments, and
as a result, present differences in their spectral characteristics [105]. In contrast, the lowest
performance occurs when Random Forest relies solely on the Sentinel-1 dataset, aligning
with the findings of Lechner et al. [95].

The Random Forest classifier identified most of the forest habitats in the three case
studies through all datasets; however, this study identified that H92D0 is a problematic
habitat. Based on the results, this habitat achieved low f-score values and, in some datasets,
presented complete misclassification (e.g., Dataset 9 in the Paphos region) mainly due to
their low proportion in the study area.

Also, based on the monthly composites, the April to September months for 2022 were
selected because a large amount of cloud-free data are available in contrast with winter
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months, where only a few cloud-free data are available and apart from that, in the high
elevations there is a presence of snow especially in Troodos region. Furthermore, most of
the classified habitats present their blooming during this period, as shown in Appendix B
in Table 1. During seasonal variations, the leaves of some deciduous trees fall while others
turn yellow. This leads to changes in the tree’s reflectance across the different parts of
the wavelength. Furthermore, the reflectance might also be influenced by understory
vegetation [106] because the understory vegetation might present a different spectral
response than the canopy leaves [107]. Therefore, it is essential to identify the month
the classifier achieves its highest performance. Using Dataset 13, which was selected for
mapping the forest habitats in the three case studies, the Troodos region was selected for
the May monthly composite and the Paphos and Akamas for the June monthly composite.

The study concludes that the Sentinel-2 data can be used solely for this forest habitats
classification, but the Sentinel-1 SAR data and the topographical features can improve
the classification accuracy. Also, to successfully classify forest habitats, it is essential to
collect enough training and validation samples for each class [105] and carefully select ap-
propriate input variables from various data sources such as remotely sensed data, ancillary
data, etc.

5. Conclusions

This study aimed to explore integrating Earth observation data with machine learning
algorithms for forest habitat classification in NATURA2000 regions in Cyprus. This study
is among the first to investigate the combined use of Sentinel-1 and Sentinel-2 data with
topographical features through the GEE for forest habitat classification according to the EU
Habitat’s Directive in Cyprus. The findings of the study show that the use of Sentinel-2
is significantly more successful than those which rely solely on Sentinel-1 data. Further-
more, the results show that the ideal dataset was Dataset 13, which combines the S1, S2,
spectral indices and topographical features. The use of topographical features dramatically
improved the performance of the RF.

Furthermore, the results show that the Troodos and Paphos regions are mainly cov-
ered by Pinus brutin (H9540), Cyprus’s primary and most important habitats. In contrast,
the Akamas region is covered by a small percentage of Pinus brutia (H9540) but is covered
mainly by the Phrygana of the Eastern Mediterranean (H5420) and Juniperus spp. (H9560).
In addition, the study presented some difficulties in classifying riverside shrub (H92D0)
habitats and, in some datasets, presented total misclassification. The study concludes that
the use of remote sensing is a fundamental tool for forest habitat classification, especially
in NATURA2000 regions. The European Commission require a report on the status of
NATURA2000 habitats every six years and the use of remote sensing data, such as satellite
imagery, has proven to be the most effective way of assessing and monitoring environ-
mental changes. Therefore, the methodology used in this study provides the ability for
future use in monitoring environmental changes in Cyprus’s Troodos, Paphos and Akamas
NATURA2000 regions. With additional habitat samples and the computational power of
GEE, this approach can be extended to other NATURA sites in Cyprus.
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Figure A1. Evaluation of the area covered by each habitat across the three case studies, respectively.
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Appendix B

Table A1l. Habitats that are classified in the three case studies and the corresponding blooming

W
months (indicated by the symbol 1°).

Montbhs of the Year

Habitat Habitat Type Decid g
1 2 3 4 5 6 7 8 9 10 11 12
ermo- ite e 2 02, ) 32
H5330 Thermo Mcdmrran.gan Genista fasselata Deciduous ¥ ¥ X ¥
pre-steppe scrub with | I I I
Thymbra capitata X W W W W ¥
H5420 Phrygana of the eastern ’ I 1 | 1 1 I
Medi . . 302 202 305
editerrancan Sarcopoterium spinosum \11 \1’ \"
Cistus sp. &15 &1‘: \'fb {’b
H8140 Eastern Mediterranean moraine -
. 02, 02
Eastern sycamore riparian Platanus orientalis Deciduous (November W W
H92C0 !
forests to March
Alnus orientalis without foliage) {?5 {1} {1’, PN
02, ) )
Nerium oleander Deciduous ¥ \” \11
H92D0 Riverside Shrubs
) 2 02,
Tamarix sp. Deciduous \1’ \1’ \t’
) Q) 02, ) Q) 02,
Vitex agnus-castus Evergreens ¥ \1’ \?’ \’I \1’ \?l
02, ) )
Olea europaea Deciduous \t’ \” \1’
H9320 Evergreen sclerophyll shrubs s “ws “ws
Ceratonia siliqua Deciduous \’l \1’ \?’
) Q)
Pistacia lentiscus Deciduous \,’ \1’
02, )
H9390  Shrubs of Quercus alnifolia Quercus alnifolia Deciduous ¥ L 0
Q) 02, )
H9540 Pinus brutia Forest Pinus brutia Evergreens \1' \?’ \”
) Q)
HO590  Cedrus brevifolia Forest Cedrus breifolia Deciduous ¥ ¥
) Q) 02, ) Q) 02, 02
J. foeditissima Evergreens L 04 € W \,’ € W W
H9560 uniperus spp. Forest 3 ) 3 202 202 205 5,
Juip PP J. excelsa Evergreens \,’ \" \,l \,’ \,’ \?’ \,’
) Q) 02,
J. phoenicea Evergreens \,’ \,’ \‘l
302 302
J. oxycedrus Evergreens \fl \,’
) )
H9530 Pinus nigra Forest Pinus nigra Evergreens \,’ \,l
. : % 205 202
H9290 Cupressus Forest Cupressus sempervirens Deciduous ~e e ~
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