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Abstract: The constellation of two Sentinel-1 satellites provides an unprecedented coverage of Syn-
thetic Aperture Radar (SAR) data at high spatial (20 m) and temporal (2 to 6 days over Europe) 
resolution. The availability of dense time series enables the analysis of the SAR temporal signatures 
and exploitation of these signatures for classification purposes. Frequent backscatter observations 
allow derivation of temporally filtered time series that reinforce the effect of changes in vegetation 
phenology by limiting the influence of short-term changes related to environmental conditions. Re-
cent studies have already shown the potential of multitemporal Sentinel-1 data for forest mapping, 
forest type classification (coniferous or broadleaved forest) as well as for derivation of phenological 
variables at local to national scales. In the present study, we tested the viability of a recently pub-
lished multi-temporal SAR classification method for continental scale forest mapping by applying 
it over Europe and evaluating the derived forest type and tree cover density maps against the Eu-
ropean-wide Copernicus High Resolution Layers (HRL) forest datasets and national-scale forest 
maps from twelve countries. The comparison with the Copernicus HRL datasets revealed high cor-
respondence over the majority of the European continent with overall accuracies of 86.1% and 73.2% 
for the forest/non-forest and forest type maps, respectively, and a Pearson correlation coefficient of 
0.83 for tree cover density map. Moreover, the evaluation of both datasets against the national forest 
maps showed that the obtained accuracies of Sentinel-1 forest maps are almost within range of the 
HRL datasets. The Sentinel-1 forest/non-forest and forest type maps obtained average overall accu-
racies of 88.2% and 82.7%, respectively, as compared to 90.0% and 87.2% obtained by the Copernicus 
HRL datasets. This result is especially promising due to the facts that these maps can be produced 
with a high degree of automation and that only a single year of Sentinel-1 data is required as op-
posed to the Copernicus HRL forest datasets that are updated every three years. 
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1. Introduction 
Being vital to many of the Earth’s ecosystems, forests play a significant role in the 

global carbon cycle [1,2], prevent soil erosion [3] or protect watersheds [4,5]. Forests pro-
vide a large number of goods including timber, energy or non-wood products. Monitor-
ing of forest resources is an important task from the local to the global scale. Depending 
on the location, terrestrial based measurements can be costly and are, therefore, not regu-
larly updated or not suitable (e.g., inaccessible areas) [6]. Airborne campaigns (e.g., aerial 
images or Light Detection and Ranging (LiDAR)) based measurements are costly as well, 
particularly if they are not carried out in the framework of countrywide flying campaigns, 
and are often not acquired in a repetitive mode. These restrictions often lower the chances 
of having a frequent monitoring of entire countries. In contrast, besides aerial imagery 
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and LiDAR data, only recently spaceborne remote sensing has been increasingly used for 
forest monitoring and maintaining forest inventories [7]. Nowadays, satellite data com-
bined with field measurements are used in a large number of National Forest Inventories 
(NFIs) [8,9] and satellite-based forest maps are now available for countries, continents, or 
the whole world [10–13]. Currently, these predominantly exploit optical data [11–13], but 
research has increasingly addressed the synergetic use of Synthetic Aperture Radar (SAR) 
and optical sensors or SAR-only products [9,14–16]. The main advantage of microwave 
sensors is their almost all-weather, day-and-night sensing capability providing regular 
measurements even in areas with frequent cloud coverage or short sun illumination peri-
ods. On the other hand, the accuracy of microwave-based products is often limited due to 
the wavelength dependent saturation of the microwave signal [17], as well as its sensitiv-
ity to the environmental conditions [18,19]. A number of studies suggest that these short-
comings may, to some extent, be overcome by using multi-temporal SAR data [14–16,20]. 

Dense SAR time series have become available with the launch of Sentinel-1 SAR sat-
ellites that acquire dual-polarisation backscatter data in Interferometric Wide Swath mode 
(IW) over land according to a pre-programmed acquisition scenario [21]. Over Europe, a 
new SAR image becomes available every three days on average (but note distinct coverage 
patterns as, e.g., shown in [22]), which opens up new possibilities in the use of multi-
temporal or time-series based methods. The availability of two polarizations, namely the 
vertical–vertical (VV) and vertical–horizontal (VH) polarisations, is a further asset. In par-
ticular, the cross-polarised VH backscatter shows high sensitivity to changes in vegetation 
density and structure [23], and the polarisation ratio VH/VV was found to be sensitive to 
the vegetation phenology [24] or water content [25]. Generally, the temporal signal was 
shown to be connected to structural and phenological changes in forests [15,16,24,26] as 
well as to the environmental conditions such as underlying soil and vegetation moisture 
changes [18,25] or temperature changes and freeze–thaw events [19,27]. 

Recently, a number of studies exploited the short revisit time of Sentinel-1 data and 
analysed the annual seasonality of backscatter time series over forests [15,16,24,28,29]. For 
instance, Dubois et al. [28] described different annual seasonality for coniferous, broadleaf 
and mixed forest types; while the VH backscatter of the broadleaf forest decreases in 
spring and summer, coniferous forest showed the highest values during summer months. 
The same patterns were also described in [15] and [16]. All studies connected the decrease 
in VH backscatter over broadleaf tree species in spring and summer months to the devel-
opment of foliage; the denser the vegetation canopy, the less signal penetrates the vegeta-
tion causing the decrease in the volume scattering and thus lower VH backscatter values. 
In the case of the coniferous forests, the increase in backscattering coefficient in summer 
is explained twofold, depending on the canopy cover, i.e., open forest and dense forest. 
First, the higher water content in needles during the summer months might explain the 
stronger backscatter observed in this period, and second, the more developed understory 
layer might increase the vegetation volume scattering component [28]. The observed dif-
ferences in backscatter behaviour were used for forest type mapping, showing overall ac-
curacies of 86% in test areas in Switzerland [15], 85% in Austria and 65% to 77% in Sweden 
[16]. Moreover, high temporal resolution of Sentinel-1 data enables also a better for-
est/non-forest discrimination. For example, a study covering five areas from Alaska to 
Indonesia [14] revealed that the mean accuracy increases from 77% when using single 
Sentinel-1 scene to 87% when using mean and standard deviation of VV and VH backscat-
ter computed over one year of acquisitions. Similarly, overall accuracies of 92% were 
achieved over Austria when using parameters derived from the entire leaf-off season [30]. 
A different approach was introduced in [31], where only three Sentinel-1 acquisitions 
were used for forest mapping; these were, however, chosen to capture the conditions be-
fore, during and after the freezing period. The method showed an overall accuracy of 
93.8% in the test area in North-East China. 

So far, all studies on forest area estimation and forest type mapping were limited to 
relatively small test areas. Of course, one of the most important assets of the Sentinel-1 
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mission is its favourable coverage, particularly over the European continent. In this study, 
we tested the applicability over Europe of the method originally proposed in [16] and 
assessed at a smaller scale up to now. We produced a Europe-wide map of forest type 
(coniferous or broadleaved) with 10 m spatial resolution and tree cover density with 100 
m spatial resolution for 2017. The quality of the maps was assessed by means of compar-
ison with the Copernicus Forest Type and Tree Cover Density (TCD) datasets as well as a 
variety of NFI datasets and data from universities. This is important for two reasons: 
firstly, comprehensive validation helps us to better understand the limitations of the pro-
posed algorithm, and secondly, the Europe-wide forest map can be seen as a first test case 
for prospective worldwide forest mapping efforts using the Seninel-1 SAR data. 

2. Materials and Methods 
2.1. Data 
2.1.1. Sentinel-1 SAR 

The Sentinel-1 constellation comprises two satellites: Sentinel-1A and Sentinel-1B. 
Each satellite carries a SAR C-Band sensor capable of providing dual-polarisation obser-
vations. The satellites operate in several acquisition modes. The default mode used for 
land applications is IW mode with a spatial resolution of 20 m × 5 m and a swath width of 
250 km. The repeat orbit cycle of each satellite is 12 days and over the majority of the 
European continent; 2 to 4 measurements are acquired per sensor in each orbital cycle. 
Within this study, all available VV and VH polarisation IW ground range detected (GRD) 
data from 2017 were used (both ascending and descending orbits), in total almost 46 000 
images. The temporal coverage ranges between 110 and 460 acquisitions per pixel. 

2.1.2. Validation Data 
Several datasets were used for the accuracy assessment of the Sentinel-1 forest maps. 

These include the freely available pan-European Copernicus High Resolution Layers 
(HRL) 20 m Forest Type and 100 m Tree Cover Density (TCD) products [12] as well as 
twelve datasets from national forest inventories or universities. 

The Copernicus HRL forest datasets are provided by the European Environment 
Agency (EEA) Global Monitoring for Environment and Security/Copernicus Initial Oper-
ations Land Service and were derived from high resolution satellite imagery from the In-
dian Remote Sensing-Resource SAT2 (IRS-RS2), Satellite Pour l’Observation de la Terre 
(SPOT) and RapidEye satellites acquired between 2011 and 2012. 

The Copernicus HRL TCD dataset is defined as the vertical projection of tree crowns 
to a horizontal earth’s surface and represents the proportional crown coverage per pixel 
in percent. Minimum mapping width (MMW) of 20 m is applied, and all detectable trees 
are included. The forest type product specifies the dominant leaf type for each pixel 
(broadleaf or coniferous) and is derived from 20 m TCD product by applying a threshold 
of 10%, minimal mapping unit (MMU) of 0.5 ha and MMW of 20 m [12]. 

The overview of the available national datasets is given in Figure 1 and details are 
listed in Table 1. Generally, the pre-processing of these datasets included resampling to 
the Equi7 grid (10 m resolution) [32] in the case of raster datasets and rasterization for the 
vector dataset. Due to the limited accessibility of the data in some countries, validation 
over Germany, Latvia and Estonia was performed point-wise using randomly selected 
points from respective NFIs or forest management inventories data. In cases where the 
dataset contained more detailed classes such as dominant tree species, the classes were 
adapted to coniferous (at least 65% of the coniferous tree species), broadleaved (at least 
65% of broadleaf tree species) or mixed forest. The mixed forest class was used for for-
est/non-forest validation only. Details specific to the national datasets including the source 
of the data (e.g., in-situ, satellite or aerial imagery) can be found in the Appendix A. 
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Table 1. Overview of the national datasets that were used as reference. In case of point-based da-
tasets, the minimal mapping unit (MMU) is given in the Spatial resolution column. 

Country Dataset Provider Data Type Information 
Content 

Spatial Reso-
lution 

Reference 
Year 

Austria Austrian Research 
Centre for Forests 

Raster Forest mask 1 m  

Czech Repub-
lic 

Forest Manage-
ment Institute 

Raster 
Dominant 

tree species 
within pixel 

10 m 2017 

England, Scot-
land, Wales 

Forestry Commis-
sion 

Vector Forest type MMU 0.5 ha 2017 

Estonia University of Tartu 
Random 

points 

Share of coni-
fers within 
forest stand 

10,277 points 2017 

France 

Institut National de 
L’Information Geo-
graphique et Fores-

triere 

Vector Forest type MMU 0.5 ha 2014-2019 

Finland Finnish Environ-
ment Institute 

Raster Forest type 20 m 2018 

Germany 
National Forest In-

ventory Points Forest type 195,630 points 2012-2017 

Hungary 
Nemzeti Földügyi 

Központ Raster Forest type 10 m 2020 

Latvia 
Latvian State Forest 
Research Institute 

Silava 

Random 
points Forest type 10,000 points 2019 

Slovakia 
Slovakian National 

Forest Centre Vector 

Dominant 
tree species 

within forest 
stand 

 2017 

Sweden 
Swedish University 
of Agricultural Sci-

ences 
Raster 

Standing vol-
umes of most 
common tree 

species 

25 m 2010 

Switzerland National Forest In-
ventory Raster 

Per-pixel 
probability of 

conifers 
25 m 2018 
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Figure 1. Overview of the national datasets that were used as reference. In the case of Austria, only a forest map of the 
federal state of Lower Austria was available. 

2.2. Method 
The details of the Sentinel-1 forest mapping method are described in [16] and sum-

marized in the following subsection. The process consists of three major blocks: pre-pro-
cessing, generation of SAR seasonality time series and, finally, the forest type and TCD 
products construction. 

2.2.1. Sentinel-1 Pre-Processing 
The pre-processing is done using the SGRT software developed by the Technische 

Universität (TU) Wien [33]. The software aims at the automated processing of large vol-
umes of SAR-based products and combines python with some external software modules. 
In the case of SAR pre-processing, the Sentinel Application Platform (SNAP) is used 
(available at https://step.esa.int/main/download/snap-download/). 

The pre-processing steps include thermal noise removal, precise orbit correction, ra-
diometric calibration to the 𝜎  values, orthorectification using the range doppler terrain 
correction method [34], conversion from linear to logarithmic scale and resampling to the 
Equi7 Grid. The output comprises a stack of georeferenced 𝜎  and projected local inci-
dence angle (𝜃) images. In [16], pre-processed images were further multi-looked to 20 m. 
In this study, this step was omitted, and the SAR seasonality time series and forest type 
products were derived at a 10 m grid which corresponds to the pixel spacing of the Senti-
nel-1 GRD IW dataset. In [16], forest maps were created using Sentinel-1 A data from 2015 
(Sentinel-1 B was launched in April 2016), while, in the current study, both Sentinel-1 A 
and B data are used. As a result, approximately twice as many acquisitions are available 
for each pixel. Moreover, in [16] the maps were validated using Copernicus HRL forest 
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datasets with 20 m and 100 m resolution for forest type and TCD, respectively. In this 
study, additional higher resolution national datasets are used for quality assessment. 
Therefore, we decided to omit the additional multi-looking step and derive the forest 
maps at the highest possible spatial resolution. 

2.2.2. SAR Seasonality Time Series Computation 
The SAR seasonality time series are computed from the stack of georeferenced im-

ages as temporally smoothed backscatter time series. This is done in order to reinforce the 
effect of the slowly varying phenological changes of vegetation and limit the noise and 
short-term variations caused by changing environmental conditions. To enable the com-
bination of images acquired from different relative orbits, the backscatter images are nor-
malized to common reference angle of 40° using the slope (𝛽) parameter computed sepa-
rately for each pixel using the linear regression between 𝜎  and 𝜃 values. The normali-
sation equation reads as follows: 𝜎 40° = 𝜎 𝜃 𝛽 𝜃 40° (1)

Next, the mean of the normalized backscatter is computed for every 12 days (repeat 
orbit cycle of Sentinel-1 satellites) and the resulting time-series is again smoothed using a 
Gaussian temporal filter with standard deviation of 1 (corresponding to 12 days). As a 
result, 30 SAR seasonality values with 12-day temporal step are derived for each pixel and 
both polarisations. These temporal signatures show distinct behaviour over various veg-
etation types. Figure 2 shows an example of the temporal signatures from cross-polarised 
backscatter for agricultural areas (without separation of crop type, hence the large stand-
ard deviation of the signal), coniferous and broadleaf forests. 

 
Figure 2. Cross-polarized (VH) backscatter temporal signatures of various vegetation types: agricultural areas (all crop 
types), broadleaf (dominant tree type—oak) and coniferous (dominant tree type—spruce) forests. The average values 
(solid line) are computed as averages of 1000 randomly selected pixels for each class in area in central Europe, the error 
bars represent the standard variation of the backscatter value for each time stamp. 

The backscatter normalisation (Equation (1)) is based on the assumption of an indi-
rect linear relationship between backscatter (in decibel scale) and projected local incidence 
angle within the limited range of available incidence angles of a SAR sensor (29.1° to 46.0° 
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in the case of Sentinel-1 and flat terrain) [22,35]. In the case of Sentinel-1, this method is, 
however, limited by the low number of various incidence angles in some areas, where no 
reliable slope value from Sentinel-1 can be derived [22]. In these areas, fixed value of 𝛽=-
0.12 is used instead, which corresponds to the average value computed over the regions, 
where the Sentinel-1 coverage is sufficient. Bauer-Marschalinger et al. [22] introduced an 
alternative approach for the 𝛽 parameter estimation over the areas of reduced Sentinel-1 
coverage. This was, however, developed for lower resolution data (resampled to 500 m) 
and is not suitable for high resolution (10 m) data. In our study, the effect of varying local 
incidence angle is further reduced by temporally averaging the data within a single repeat 
orbit cycle—i.e., combining the measurements from all possible incidence angles into a 
single value—which is why we consider the simplified slope computation sufficient for 
this application. Furthermore, the 𝛽 parameter varies with vegetation growth [36], yet it 
was assumed to be temporally stable, as a single year of Sentinel-1 data is not sufficient to 
compute its seasonal variation. 

2.2.3. Construction of Forest Maps 
The forest classification algorithm exploits the differences between the temporal sig-

natures of various vegetation types (Figure 2). Signature prototypes are defined for conif-
erous and broadleaf forest classes. Due to the large variability of forests and their temporal 
signatures across Europe, the continent was stratified into smaller regions, and, for each 
region, four signature prototypes were selected and computed. The prototypes are com-
puted as described in the previous chapter using averaged backscatter values over 300 m 
× 300 m large forested areas (30 × 30 pixels) and are selected to represent both coniferous 
and broadleaved forest types in each region—typically two prototypes for each class. The 
regions were selected manually so that they contain areas with similar biomes, forest types 
and terrain variations using the digital terrain model and the map of habitat suitability of 
European forest categories [37]. The borders of the regions correspond to the borders of 
the Equi7 grid tiles. The selection of the signature prototypes location was supported by 
reference datasets that included Copernicus HRL maps, national forest datasets or ortho-
photos (if available) as well as average Sentinel-1 backscatter for 2017 to exclude areas 
with apparent terrain effects or clear cuts. The regions (bold black lines) and reference 
points (grey dots) are presented in Figure 3. Figure 4 shows an example prototype time 
series in an area covering central Europe. Note that the difference between the pure stands 
of a particular tree species might be larger than that between the coniferous and broadleaf 
forest type, which is why it is essential to select the reference points accordingly in order 
to be representative for the most common tree species in each area. 

The similarity measures—Root Mean Square Difference (RMSD) and Pearson corre-
lation coefficient (r)—between the prototype signatures and the respective temporal sig-
nature of each image pixel are used for the classification. In the first step, forest/non-forest 
classification is performed using thresholds that are fixed for entire Europe. Threshold 
values are 1.5 dB and 2.0 dB for VH and VV polarisation RMSD, respectively, and 0.4 for 
VH polarisation r. These values were empirically set in [16] as the best fitting for three test 
sites from Austria to northern Sweden. Each pixel that falls within the thresholds with 
similarity measures computed for any of the prototype time series is classified as forest; 
the rest is classified as non-forest. With method, no signature prototypes need to be de-
fined for land cover types other than forests. The forest type (coniferous, broadleaved) is 
then assigned to each forested pixel according to the lowest RMSD value in VH polarisa-
tion. The VH polarisation was selected for the forest type classification due to higher sen-
sitivity of the cross-polarised backscatter to the forest structure [23,38]. For the final forest 
type product, the MMU of 0.5 ha is applied and the 100 m TCD product is computed as 
the fraction of the 10 m pixels within each 100 m × 100 m target area that were classified 
as forests (prior to MMU application). 
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Figure 3. Overview of the regions used for the Sentinel-1 forest maps computation (black lines) and the locations of their 
respective signature prototypes (grey points) across Europe. Red lines indicate the Equi7 grid tiling. 

 
Figure 4. Temporal signature prototypes for the most common tree species in an area in central 
Europe (located in Czech Republic). 

2.2.4. Validation 
The accuracy assessment of the Sentinel-1 forest maps was performed in two steps. 

First, validation metrics between Copernicus HRL datasets and Sentinel-1 forest maps 
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were computed on pan-European level as well as for each 100 km × 100 km Equi7 tile. 
Second, both Sentinel-1 and Copernicus HRL forest maps were compared to the national 
forest datasets. The computed validation metrics included overall accuracy (OA, Equation 
(2)), producer’s (PA), and user’s (UA) accuracies (Equations (3) and (4), respectively). 𝑂𝐴 =  𝑇𝑁 (2)

𝑃𝐴 = 𝑇𝑅𝑁𝑅  (3)

𝑈𝐴 = 𝑇𝐶𝑁𝐶  (4)

In these equations, T stands for number of correctly classified pixels, N for number 
of all pixels used for validation, TRcl for number of correctly classified reference pixels of 
respective class cl, NRcl for number of all reference pixels of respective class cl, TCcl for 
number of all correctly classified pixels within respective class cl and NCcl for number of 
all pixels classified into respective class cl. The accuracies were computed for forest/non-
forest classification as well as for forest type classification (broadleaved or coniferous for-
est type computed for all pixels classified as forests in both datasets). Furthermore, Pear-
son correlation coefficient and bias were computed between the TCD products. 

The national datasets varied in format and provided information. In the case of raster 
and rasterised datasets, the statistics were computed for all pixels, while in the case of 
pointwise comparison, the point information was compared to the corresponding pixel. 
In the case of national datasets over Estonia and Latvia, only forest type accuracy was 
computed, as the respective forest inventories do not contain all forested land. Moreover, 
the forest map of Lower Austria allowed only forest/non-forest validation due to the lack 
of forest type information. 

2.2.5. Sensitivity Analysis 
One of the main challenges of the introduced approach is the susceptibility of the 

results to the selection of the signature prototypes used for the forest classification. To 
quantify this effect, we performed a sensitivity test over a single Equi7 grid tile (100 km × 
100 km) located in the Czech Republic. A total of 80 sets of reference points were selected 
for the forest classes with dominant tree types spruce, pine, oak and other deciduous for-
est. The points were selected using the Czech Forest Management Institute forest map. 
Forest type and TCD maps were computed for each set of reference points and the results 
were validated against the Copernicus HRL forest maps. The overview of the test site and 
the locations of the selected reference points are shown in Figure 5. 
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Figure 5. Overview of the performed sensitivity test: red polygon outlines the test site and dots indicate the locations of 
signature prototypes. The base map is the forest map from the Czech Forest Management Institute (FMI) that was used 
for the selection of the signature prototypes’ location. 

3. Results 
3.1. Forest Area and Forest Type 

The accuracy of the Sentinel-1 forest type map was assessed both on the European 
level using the Copernicus HRL forest type products as well as on the national level using 
the various national datasets. The forest type maps from Sentinel-1 and Copernicus HRL 
over the European Continent are shown in Figure 6, while Figure 7 and Figure 8 present 
the forest type map for Czech Republic and Sicily, respectively. The Figures 6 to 8 also 
include a difference image highlighting the discrepancies between the two products in 
red (pixels classified as forest in the Copernicus HRL forest type dataset and as non-forest 
in the Sentinel-1 forest type dataset), blue (pixels classified as non-forest in the Copernicus 
HRL forest type dataset and as non-forest in the Sentinel-1 forest type map) and light 
green (pixels classified as forests in both datasets but assigned different forest types). 
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Figure 6. Overview of the forest type maps from (a) Sentinel-1, (b) Copernicus High Resolution Layers and (c) the differ-
ence map between the two datasets. 
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Figure 7. Detailed forest type map of the Czech Republic from (a) Sentinel-1, (b) Copernicus High Resolution Layers and 
(c) the difference map between the two datasets. 

 
Figure 8. Detailed forest type map over Sicily from (a) Sentinel-1, (b) Copernicus High Resolution Layers and (c) the 
difference map between the two datasets. 
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3.1.1. Copernicus HRL Dataset 
Table 2 shows the accuracies for forest/non-forest and forest type classification com-

puted for the entire study area. The overall accuracy is 86.1% for forest area and 73.2% for 
forest type, respectively. Since these accuracies strongly vary across the continent, spatial 
maps showing the overall accuracies for both forest/non-forest classification and forest 
types are presented in Figure 9. The numbers were specified for each 100 km × 100 km 
area which represents one Equi7 tile. 

Table 2. Accuracy of the Sentinel-1 forest/non-forest and forest type map when compared to the 
Copernicus High Resolution Layers forest type dataset. The accuracies are summarized for the 
whole of Europe. 

 Forest/non-Forest Forest Type 
Overall accuracy 0.86 0.73 

Producers’ accuracy forest/broadleaf 0.83 0.81 
Users’ accuracy forest/broadleaf 0.81 0.68 

Producers’ accuracy non-forest/coniferous 0.88 0.66 
Users’ accuracy non-forest/coniferous 0.89 0.79 

 
Figure 9. Overall accuracy of the Sentinel-1 (a) forest/non-forest and (b) forest type map computed for each Equi-1 tile. 
The Copernicus High Resolution Layers forest type dataset was used as a reference, showing the limitations of the pre-
sented maps for high latitudes and Mediterranean forests. Lower accuracies can also be observed in mountainous areas. 

Typical results over flatland and hilly areas with the main differences between the 
Sentinel-1 map and the reference datasets are highlighted in Figure 10. The Sentinel-1 for-
est type product generally overestimates the forest area in flatlands. In the case of small 
villages or agricultural areas, some parts are often classified as forests. This is due to large 
number of trees in gardens or hedgerows between fields or among roads. In addition, 
vineyards or orchards are common areas of disagreement between the Sentinel-1 forest 
type map and reference datasets. Vineyards are commonly falsely classified as coniferous 
forests in Sentinel-1 forest type product while apple orchards are assigned to non-forests 
class in Sentinel-1 forest type map, but they are often classified as broadleaved forests in 
the Copernicus forest type product. Lastly, in areas with large terrain variations, false gaps 
in forests caused by terrain distortions in SAR data can be observed. 
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Figure 10. Common reasons of disagreement between the Sentinel-1 and reference Copernicus High Resolution Layers 
forest maps (Indicated by ellipses). (a) Difference map between the Sentinel-1 and Copernicus forest type map over Czech 
Republic, (b) detail of the difference map over area in flatland and (c) detail of the difference map over area in mountains. 

3.1.2. National Datasets 
The Copernicus HRL dataset is based on optical satellite imagery, and, according to 

the validation report, the users’ and producers’ accuracies vary between 83% and 93% for 
forest/non forest classification, and between 17% and 98% for forest type, with the lowest 
accuracies in the boreal and alpine regions. As the highest disagreement between our 
product and the Copernicus HRL forest type map can be found in these regions, alterna-
tive sources of data are needed to better assess the accuracy of both products. For this 
reason, we compared both maps to different national datasets. Table 3 shows the respec-
tive accuracies for forest/non-forest classification and Table 4 for the forest type, respec-
tively. The mountainous regions are well represented in Switzerland and Slovakia, while 
the boreal regions are covered by datasets from Finland and Sweden. 

For forest/non-forest classification, the comparison with most of the national datasets 
reveals overall accuracies of around 90%. The highest correspondence was obtained for 
Germany with an accuracy of 93%, and the lowest overall accuracies of 82% were obtained 
for Slovakia and Sweden. For Switzerland, the most mountainous country in Europe, a 
high overall accuracy of 87% was obtained. For Finland, that is also predominantly cov-
ered by boreal forests, an accuracy of 88% was obtained. 

Generally, the correspondence between the Sentinel-1 forest type map and national 
datasets is slightly lower than between the Copernicus HRL forest type product and na-
tional datasets. The highest difference can be observed in the case of the Czech Republic, 
where the overall accuracies of 95% and 90% were obtained in the case of Copernicus and 
our product, respectively. On the other hand, in Finland, the Sentinel-1 dataset shows 
slightly higher overall accuracy than the Copernicus HRL dataset (88% when compared 



Remote Sens. 2021, 13, 337 15 of 27 
 

 

to 87%). In most of the other cases, the difference is around 2%. Except Sweden, the Co-
pernicus HRL dataset shows high accuracies for forest/non-forest mapping, which con-
firms that it may be used as a reliable reference dataset. 

Table 3. Results of the accuracy assessment using the national datasets for the forest/non-forest classification. The follow-
ing statistics are listed: overall accuracy (OA), producers’ accuracy (PA) and users’ accuracy (UA). 

 Sentinel 1 vs. Reference Copernicus vs. Reference 
  Forest Non-Forest  Forest Non-Forest 
 OA PA UA PA UA OA PA UA PA UA 

Austria 0.91 0.92 0.87 0.90 0.95 0.93 0.93 0.90 0.93 0.95 
Czech Re-

public 0.90 0.94 0.79 0.87 0.97 0.95 0.93 0.91 0.95 0.96 

England, 
Scotland, 

Wales 
0.91 0.74 0.50 0.93 0.97 0.93 0.80 0.56 0.94 0.97 

France 0.90 0.83 0.84 0.93 0.92 0.92 0.89 0.87 0.94 0.95 
Finland 0.88 0.92 0.88 0.82 0.88 0.87 0.94 0.86 0.77 0.89 

Germany 0.93 0.95 0.83 0.92 0.98      
Hungary 0.88 0.88 0.66 0.88 0.97 0.92 0.85 0.79 0.94 0.96 
Slovakia 0.82 0.93 0.72 0.75 0.94 0.88 0.93 0.81 0.85 0.95 
Sweden 0.82 0.88 0.83 0.73 0.81 0.82 0.88 0.83 0.73 0.81 
Switzer-

land 
0.87 0.78 0.76 0.91 0.91 0.88 0.94 0.72 0.86 0.97 

Table 4. Results of the accuracy assessment using the national datasets for the forest type classification. The following 
statistics are listed: overall accuracy (OA), producers’ accuracy (PA) and users’ accuracy (UA). 

 Sentinel 1 vs. Reference Copernicus vs. Reference 
  Broadleaf Coniferous  Broadleaf Coniferous 
 OA PA UA PA UA OA PA UA PA UA 

Czech Re-
public 

0.84 0.72 0.88 0.93 0.81 0.89 0.95 0.81 0.84 0.96 

England, 
Scotland, 

Wales 
0.74 0.95 0.64 0.56 0.93 0.80 0.95 0.68 0.69 0.95 

Estonia 0.87 0.77 0.97 0.97 0.79      
France 0.84 0.87 0.92 0.75 0.62 0.91 0.96 0.93 0.77 0.86 
Finland 0.71 0.75 0.14 0.71 0.98 0.88 0.93 0.31 0.88 0.99 

Germany 0.91 0.94 0.89 0.87 0.93      
Hungary 0.80 0.81 0.98 0.69 0.15 0.97 0.98 0.99 0.76 0.71 

Latvia 0.85 0.68 0.90 0.70 0.90      
Slovakia 0.90 0.93 0.92 0.83 0.86 0.88 0.97 0.87 0.72 0.93 
Sweden 0.82 0.45 0.16 0.84 0.96 0.79 0.87 0.21 0.79 0.99 
Switzer-

land 
0.82 0.78 0.83 0.85 0.80 0.86 0.83 0.87 0.89 0.86 

For the forest type classification, the variability between the results for various na-
tional datasets is much higher than in the case of the forest/non-forest mapping. For the 
Sentinel-1 forest type product, remarkably high accuracies can be observed over Germany 
(91%), Slovakia (90%) or Estonia (87%). On the other hand, problems can be observed in 
Sweden and Finland, where the overall accuracies are 82% and 71%, respectively, and the 
users’ accuracies for broadleaf forests are very low (16% and 14%, respectively). The same 
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effect can be observed for the Copernicus HRL dataset, where the users’ accuracies of 
broadleaf forests are 21% and 31% for Sweden and Finland, respectively. In addition, Eng-
land, Scotland and Wales show lower accuracies for both datasets—74% in the case of 
Sentinel-1 and 80% in the case of the Copernicus forest type product. In both cases, the 
lower users’ accuracies of broadleaf forests and producers’ accuracies of coniferous forests 
indicate that the broadleaf forests tend to be overestimated, while the coniferous tend to 
be underestimated in both Sentinel-1 and Copernicus HRL forest type maps.  

Moreover, the differences between the accuracies of the Copernicus HRL and Senti-
nel-1 forest type datasets are much higher, reaching up to 17% in the case of Finland and 
Hungary. In the case of Hungary, this is caused by strong overestimation of coniferous 
forests in the case of the Sentinel-1 forest type map (users’ accuracy of only 15% for conif-
erous forests and overall accuracy of 80%). On the other hand, in the case of Slovakia and 
Sweden, Sentinel-1 shows slightly higher overall accuracies than the Copernicus HRL da-
taset. Generally, overall accuracies in the case of the Sentinel-1 forest type map vary be-
tween 71% for Finland and 91% for Germany, while, for Copernicus, they vary between 
79% for Sweden and 97% in Hungary.  

3.2. Tree Cover Density 
The TCD map was validated using the Copernicus TCD dataset only. Both maps, 

including the difference map as well as the spatial distribution of the r value between the 
two, are presented at Figures 11 and 12, respectively. The r value computed for entire 
Europe is 0.83 and the bias corresponds to 9.8%, showing that the Sentinel-1 based map 
overestimates the tree cover density values when compared to the Copernicus product. 
This is especially visible in the northern part of Europe. While the TCD values in Sweden 
and Finland often reach 100% for the Sentinel-1 map, they range between 60% and 80% in 
the case of the Copernicus HRL dataset. Over central Europe, the TCD patterns corre-
spond well and the differences increase towards the south of Europe again. 

To get a spatial overview, r was also computed for each Equi7 tile (100 km × 100 km 
area) separately. The spatial distribution (Figure 12) shows strong correspondence with 
values between 0.85 and 0.95 over large parts of central, eastern, and northern Europe. 
Lower accuracies (r between 0.65 and 0.85) can be observed over Alpine areas, southern 
Europe, the United Kingdom, Norway, and part of Sweden. Values below 0.65 are located 
mainly in southern Italy, southern Spain, Portugal, the islands of Corsica and Sardinia, 
and coastal areas of Greece, Albania, Croatia, and Norway. These areas typically have 
uneven topography and steep slopes.  

An example of results for the Czech Republic (r = 0.90) and Sicily (r = 0.53) are pre-
sented in Figure 13 and Figure 14, respectively. Figure 15 shows boxplot distribution of 
TCD values for these two regions. 
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Figure 11. Overview of the tree cover density (TCD) maps from (a) Sentinel-1, (b) Copernicus High Resolution Layers 
(HRL) and (c) the difference map between the two datasets (Copernicus HRL map was subtracted from Sentinel-1 TCD 
map). 
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Figure 12. Pearson correlation coefficient between the Copernicus High Resolution Layers and 
Sentinel-1 tree cover density maps computed separately for each Equi7 tile. 

 
Figure 13. Detailed tree cover density (TCD) maps of the Czech Republic from (a) Sentinel-1, (b) 
Copernicus High Resolution Layers (HRL) and (c) the difference map between the two datasets 
(Copernicus HRL map was subtracted from Sentinel-1 TCD map). 
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Figure 14. Detailed tree cover density (TCD) maps over Sicily from (a) Sentinel-1, (b) Copernicus High Resolution Layers 
(HRL) and (c) the difference map between the two datasets (Copernicus HRM map was subtracted from Sentinel-1 TCD 
map). 

 
Figure 15. Plots showing the distribution of the tree cover density (TCD) values over (a) Czech Republic and (b) Sicily. 
Red lines indicate the average TCD value, blue boxes indicate the interquartile range of the TCD values (25th to 75th 
percentiles), dashed lines indicate the 10th and 90th percentile of the TCD values. 
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3.3. Sensitivity Analysis 
Within the sensitivity analysis, 80 forest type and TCD maps were derived for a single 

Equi7 tile and compared to the Copernicus HRL datasets. The results are presented in 
Figure 16 with the red line indicating the value of the original set of signature prototypes. 
In the case of the forest type map, overall accuracies range between 87.4% and 92.0% for 
forest/non forest, and between 60.3% and 80.6% for forest type classification. The values 
of the original set of signature prototypes are 90.1% and 77.6% for the forest/non-forest 
and forest type classification, respectively. In the case of the TCD map, r ranges between 
0.84 and 0.91, with 0.88 for the original set of signature prototypes. 

 
Figure 16. Validation results distribution of the model sensitivity test. Sensitivity of the method to the selection of the 
location of the signature prototypes was tested using 80 sets of reference points. Validation metrics were computed be-
tween the respective Sentinel-1 forest maps and Copernicus High Resolution Layers forest maps. Histograms show (a) 
Pearson correlation coefficient of the tree cover density maps, (b) overall accuracy of the forest/non-forest classification 
and (c) overall accuracy of the coniferous/broadleaf forest type classification. Red lines indicate the values computed using 
the original set of signature prototypes. 

4. Discussion 
4.1. Performance of the Sentinel-1 Based Forest Maps 

The accuracy assessment revealed that the approach is well suited for temperate and 
hemi-boreal forests; however, its ability to detect forested areas or classify forest type de-
creases in areas with lower forest density such as Mediterranean forests or areas in north-
ern Sweden and Norway. Sparser tree coverage in these areas causes lower differences 
between the temporal signatures of different vegetation types (Figure 17). The high den-
sity of temperate forests enables the separation between forest/non-forest as well as forest 
type classification, while in Mediterranean forests, differentiation between the three clas-
ses is often not possible. High omission errors are to be expected, especially in areas with 
very sparse tree coverage. While in boreal forests, separation between forest and non-for-
est is feasible, the seasonal drop in temporal signature of broadleaf tree species is no 
longer visible and it is, therefore, difficult to distinguish between the two forest types (Fig-
ure 17). The same applies in high altitudes in montane forests where the approach is fur-
ther limited by the topographic distortions in SAR signal. A more appropriate approach 
for terrain correction, such as using the terrain flattened gamma [39] might improve the 
results over mountainous areas. Nevertheless, results for Finland (overall accuracy of 88% 
for forest/non-forest mapping and 71% for forest type classification) or Switzerland (87% 
for forest/non forest mapping and 82% for forest type classification) show high potential 
of Sentinel-1 for forest mapping even in these challenging environments.  
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Figure 17. Examples of the forest type maps and cross-polarized backscatter temporal signatures from areas in northern 
Finland (boreal forest), Czech Republic (temperate forest) and Sicily (Mediterranean forest). The Bing aerial imagery is 
used as a base map. Temporal signatures are computed from sample of 1000 randomly selected points within a single 
Equi7 tile for classes coniferous forest, broadleaf forest and other vegetated areas. The solid line indicates the average 
backscatter value while the error bars indicate its standard deviation for each time stamp. (a) to (d) show subset in northern 
Finland where (a) shows Bing aerial image (b) Copernicus High Resolution Layers (HRL) forest type map, (c) Sentinel-1 
forest type map and (d) temporal signature of the three vegetation classes. (e) to (h) show subset in Czech Republic where 
(e) shows Bing aerial image (f) Copernicus HRL forest type map, (g) Sentinel-1 forest type map and (h) temporal signature 
of the three vegetation classes. (i) to (l) show subset in Sicily where (i) shows Bing aerial image, (j) Copernicus HRL forest 
type map, (k) Sentinel-1 forest type map and (l) temporal signature of the three vegetation classes. 

Forest area mapping for relatively small areas based on Sentinel-1 data was recently 
addressed in several studies. Overall accuracies of 94% were found over study area in 
North-East China [31], 92% over study area in Lower Austria [30], and balanced accuracies 
between 80% and 93% were reported for six sites distributed worldwide [14]. Forest type 
(coniferous/broadleaf) classification using Sentinel-1 was tested in two test sites in Swit-
zerland [15] with overall accuracy of 86%. Due to the limited size of the study sites located 
in Europe, no direct comparison can be made with the presented results. To the best of 
our knowledge, the only continental or global scale forest/non-forest map based on the 
SAR backscatter data is derived yearly by the Japan Aerospace Exploration Agency 
(JAXA) from Advanced Land Observing Satellite (ALOS) Phased Arrayed L-band SAR 
(PALSAR) data [10]. Overall accuracy of the global ALOS PALSAR map was estimated at 
between 85% and 95% depending on the reference data used [10]. The overall accuracy of 
the presented Sentinel-1 based map ranges from 86% when compared to Copernicus HRL 
data to 90% when compared to the national datasets. 

  



Remote Sens. 2021, 13, 337 22 of 27 
 

 

4.2. Selection of the Reference Time Series 
One of the main challenges of the introduced approach is the susceptibility of the 

results to the choice of the temporal signature prototypes used for the forest classification. 
The selection of their location represents the only part that cannot be automated and re-
quires not only manual interaction, but also local knowledge of the area or reliable refer-
ence data. We aimed to quantify the effect of the reference points selection by running the 
model repeatedly using different sets of signature prototypes. Our results show that, 
while the forest/non-forest and TCD accuracy is rather stable (overall accuracy between 
87.4% and 92.0%), the forest type accuracy shows higher variation among the different 
sets of reference points (overall accuracy between 61.3% and 80.6%). Inspection of the Sen-
tinel-1 data revealed that lowest accuracies for the forest type map are related to the se-
lection of the spruce forest reference point located in areas with visible terrain effects. 
However, within the sensitivity test, the main tree species were known, and a reliable 
reference dataset was available to support the signature prototypes selection. Accuracy 
might vary even more strongly in cases where the most common tree species are not cap-
tured by the signature prototypes. In the case of the full-European study, it was not feasi-
ble to select all reference points accordingly, so that they would represent the most com-
mon forest species in the area. In some areas, better selection supported with the 
knowledge of local conditions might improve the result substantially. However, once the 
reference points are selected, the approach can rather easily be applied automatically, cre-
ating yearly forest maps with no further need of manual interaction, which enables change 
detection and regular updates of forestry data. As such, it might complement the well-
established methods using optical remote sensing data. 

4.3. Variability of National Reference Datasets 
Relatively high variability of results between the national datasets and both the Sen-

tinel-1 and Copernicus HRL datasets is caused by the large variability of the data sources, 
formats, resolutions as well as different definitions used for the coniferous and broadleaf 
classes for the validation. The reference data itself are often, at least partially, based on the 
remote sensing data and include errors as well. Furthermore, their accuracies were mostly 
unknown. Temporal gaps between the datasets also add to the uncertainties, especially in 
the case of the Swedish map, which was created in 2010. Lastly, also the differences in 
forest definitions play an important role in the validation results. The Sentinel-1 map ap-
plies the MMU of 0.5 ha, but apart from the definition of the minimal area, no further rules 
are applied to identify the pixel as forest. For this reason, areas with high density of wood-
land, such as hedgerows or gardening areas, are commonly misclassified as forest. On the 
other hand, some of the national datasets include the unstocked forest land in the forest 
class, which leads to further discrepancies between the datasets. 

4.4. Areas of Further Research 
The radiometric terrain flattening [39] is expected to increase the applicability of Sen-

tinel-1 in mountainous areas and can, therefore, improve the results over complex terrain. 
In the present study, this approach was not used due to large demand on processing re-
sources due to the extensive test area. Testing and validating the approach using the ter-
rain flattened gamma backscatter is one of the foreseen further steps. In addition, many 
areas were still validated using the Copernicus HRL data only, so including more national 
datasets—also for the tree cover density map—would provide a better overview of the 
quality of the Sentinel-1 forest products. 

5. Conclusions 
In this study, the first Europe-wide forest maps were introduced based on Sentinel-1 

data only. These include a 10 m forest type map and a 100 m tree cover density map. The 
comprehensive validation included comparison with Copernicus HRL forest datasets and 
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a variety of national datasets. The validation using national datasets showed that the Sen-
tinel-1 forest maps have comparable accuracy with Copernicus HRL forest datasets, with 
average overall accuracies of 88.2% and 82.7% for Sentinel-1 and 90% and 87.2% for Co-
pernicus HRL for forest/non-forest and forest type maps, respectively. The main ad-
vantage of the Sentinel-1 maps is that once the model, including reference points estima-
tion, is established, yearly maps can be derived in a fully automated way. The spatial 
comparison with the Copernicus HRL dataset showed that the method works best in tem-
perate broadleaf forest biomes, while the accuracy decreases in Mediterranean, boreal and 
montane forests.  
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Appendix A 
Details concerning the national reference datasets are listed below. 

Austria 
The 1 m forest/non-forest mask was provided by Austrian Research Centre for For-

ests (BFW) for the land of Lower Austria. The mask was resampled to 10 m spatial reso-
lution and to the EQUI7 grid, assigning forest class in cases where 25% of 1 m pixels within 
the 10 m pixel were classified as forests. 
Czech Republic 

The forest map was provided by the forest management institute (FMI) that is estab-
lished by the Ministry of Agriculture of the Czech Republic. The 10 m forest type map was 
derived from satellite imagery (Sentinel-2), aerial imagery and normalized digital surface 
model (nDSM). The map classes were adapted as follows: 
• Broadleaf type: oak, beech, other broadleaf species; 
• Coniferous type: spruce, pine; 
• Non-forest: other; 
• Masked: uncertain pixels, young trees, wood plantations areas, mountain pine; 
• England, Scotland, and Wales. 

Freely available National Inventory of Woodland and Trees dataset provided by For-
estry Commission was used. The map is provided in vector format and covers all forests 
and woodlands of area over 0.5 ha, minimum width of 20 m and minimum canopy cover 
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of 20%. The map is updated annually using more recent aerial photography, satellite im-
agery and administrative records of newly planted areas. The revised data for 2017 were 
used. The classes were specified as follows: 
• Broadleaf type: Broadleaved; 
• Coniferous type: Coniferous; 
• Mixed: mixed, mixed predominantly conifer, mixed predominantly broadleaf; 
• Non-forest: Shrub; 
• Masked: Coppice, Coppice with standards, young trees, felled, ground prepared for 

new planting, windblow, failed, assumed woodland, cloud or shadow, uncertain, 
low density. 

Estonia 
The share of conifers in the upper layer in percent was provided for 10,277 randomly 

selected points by University of Tartu. The source of the data is Estonian forest register, 
reference year 2017. Forests with over 65% of coniferous or broadleaf forest type were 
attributed to the corresponding class; the rest of the pixels were assigned to the mixed 
forest class. 
France 

The forest database data (BD Fôret v2) in vector format was provided by Institut Na-
tional de L’Information Geographique et Forestiere (IGN). The forest map is derived 
through interpreting of aerial photographs and contains forest areas of at least 0.5 ha and 
contains information about the forest type, its density and dominant tree type. The last 
update of the dataset is dependent on the county and ranges between 2014 and 2019. For-
est types were specified as follows: 
• Coniferous forest: open coniferous forest, closed coniferous forest; 
• Broadleaf forest: open broadleaf forest, closed broadleaf forest, poplar trees; 
• Mixed forest: open mixed forest, closed mixed forest; 
• Non forest: herbal vegetation; 
• Masked: forest without tree cover. 
Finland 

The freely available Corine Land Cover (CLC) map from the Finnish Environment 
Institute (SYKE) was used. It provides land cover and land use information, including 
broadleaf, coniferous and mixed forest classes for the entire country on 20 m × 20 m reso-
lution for the year 2018. It was created by automated interpretation of satellite images 
from 2016 and 2017 and data integration with existing digital map data. 
Germany 

The National Forest Inventory (NFI) collects data for cluster plots that are composed 
of four subplots each. The cluster plots are spread along a base sampling grid of 4 km × 4 
km. For some federal states, the sampling is densified. Together, forest relevant infor-
mation is collected for 195630 subplots including subplot type information (non-forest, 
productive or unproductive forest, unstocked forest, short rotation coppice etc.) and forest 
type information (pure deciduous forest, deciduous forest with admixture of coniferous 
trees, mixed forest, coniferous forest with admixture of deciduous trees, pure coniferous 
forest). The full inventory is updated every 10 years with a reduced grid being updated 5 
years in between. The last full inventory was conducted in 2012 and that of the reduced 
grid in 2017. The inventory is updated partially by on-site visits and partially by analysing 
aerial photography. The NFI subplots were collocated with Sentinel-1 forest type map and 
the resulting table was provided by the Institute of Forest Ecosystems within the Thünen 
Institute. For the validation purposes, the classes were defined as follows: 
• Non-forest: non-forest; 
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• Forest: productive forest, unproductive forest, stocked timberland; 
• Masked: temporarily unstocked forest, unstocked forest land. 

The forest type was validated using the pure deciduous forest and pure coniferous 
forest classes only. 
Hungary 

The forest type map of Hungary was rasterized from the National Forest stand Da-
tabase of Hungary (state of 26th May 2020) and provided by Nemzeti Földügyi Központ 
(NFK) as a 10 m × 10 m raster containing broadleaved, coniferous, and mixed forest type. 
The map contains only official planned forest and omits free provision forests. 
Latvia 

Data from Latvian State Forest Research Institute Silava contain forest inventory data 
for the Latvian state-owned forests which cover about half of the forest area. A total of 
10,000 points were randomly selected from stands with coverage of dominant tree species 
of at least 80%. These were then compared to the Sentinel-1 based forest type map. 
Slovakia 

The Slovakian National Forest Centre provides freely available dataset Register jed-
notiek priestoroveho rozdelenia lesa (JPRL). All forest units are stored in vector format 
and referenced to a database containing large number of forest description parameters. 
The database information is updated yearly, version from 2017 was used in this study. 
The relevant parameters for this study were main tree species, secondary tree species and 
their proportional representation in percent. All polygons with over 65% of broadleaf spe-
cies were classified as broadleaf and those with over 65% of conifers as coniferous. The 
polygons with lower portion of prevailing tree type were classified as mixed forest. In 
addition, part of the forest units lacked the tree species information and thus were also 
classified as mixed forest. 
Sweden 

The Department of Forest Resource Management of the Swedish University of Agri-
cultural Sciences (SLU) provides freely available SLU Forest Map [41]. It contains spatial 
information over most of Sweden’s forestland. It combines data from Swedish National 
Forest Inventory and satellite data from Landsat and SPOT satellites. The map contains 
information on age, height, species and standing volumes of woodlands and the spatial 
resolution is 25 m. The last update was published in 2010. For the validation purposes, 
pixels containing more than 65% of coniferous or broadleaf tree species are assigned as 
coniferous or broadleaf type, respectively. 
Switzerland 

The 25 m resolution map was developed in [42] provided by the Swiss National For-
est Inventory hosted by the Swiss Federal Institute for Forest, Snow and Landscape Re-
search (WSL) and the Federal Office of the Environment (FOEN). The map is based on 
aerial images from 2012 to 2017 and gives the probability in percent of broadleaf trees. The 
comparison of the tree type map with independent NFI data revealed high overall accu-
racies (95% to 99%) and a slight underestimation of broadleaved trees (median of -3.17%) 
[41]. Pixels with probability above 65% were classified as broadleaf forest, below 35% as 
coniferous forest and those between the two thresholds as mixed forest. 
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