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Abstract: The knowledge on forest resources is important for sustainable forest management at local and
national level. The aim of this paper is to examine the efficacy of the Support Vector Machine (SVM) approach
for tree cover mapping based on Sentinel-2 images and to explore the potential of the Sentinel-2 data for the
assessment of tree cover. Sentinel-2 is a constellation of two European satellites providing innovative wide-swath
(up to 290 km), high-resolution and multispectral data (13 spectral bands at 10, 20 and 60 m spatial resolution).
The study area is located in the Forest Promotion Complex, which is a part of the Knyszyn Forest Landscape
Park in Poland. The SVM classification was performed on the single images (spring and summer season)
and on multi-date Sentinel-2 images (images from two dates classified simultaneously). In addition, the use of
high-resolution bands and a combination of the 10 m and 20 m spatial resolution data was examined. The overall
accuracy for all performed classification was very high and reached the level of 96.7%—99.6%, which con-
firms that SVM classification can be successfully applied for tree cover mapping. The analysis showed that
the Sentinel-2 images acquired in the middle of the vegetation season, when the leaves are fully developed are

more suitable for tree cover mapping than the images acquired in spring.
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1. Introduction

The knowledge on forest resources is important for
sustainable forest management at local and na-
tional level and it varies from county to country.
The accurate assessment of forest cover area is
essential for the country’s reporting requirements.
Several studies conducted over the Polish forest
discussed the disagreement concerning the forest
cover in Poland between the official cadastral data
and forest status on the ground (Jabtonski, 2015;
Hoscito et al., 2016). The study conducted by
Hoscito et al. (2016) revealed that the forest cover
is almost 800 thousand hectares larger than the
official statistics provided by the Central Statistical
Office of Poland. This study was conducted based
on the available spatial datasets such as the Digital
Forest Map (covering explicitly the State Forests),
Topographic Database, Database of Parcel Identi-

fication System, National Forest Data Bank and
satellite-based High Resolution Layer (HRL — tree
cover density) developed within the framework
of the Copernicus Land Monitoring programme
(https://land.copernicus.eu/pan-european/high-reso-
lution-layers). Forest cover in the first three data-
bases was obtained by the visual interpretation of
the national aerial orthophotomap. Mapping forest
cover in this way requires regular data acquisition
and processing which is costly and time consuming.
Therefore, there is an urgent need to come up with
an operational methodology for tree cover and forest
cover mapping over Poland.

The development of the Earth Observation (EO)
technologies as well as the increase in the spatial,
spectral and temporal resolution of the satellite
images result in the significant growth in the opera-
tional services offering EO based products for
various applications. For example, Loveland et al.
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(2000) developed a 1 km spatial resolution global
land cover database (17 general land cover classes)
applying unsupervised classification of the monthly
Normalized Difference Vegetation Index (NDVI)
calculated based on NOAA Advanced Very High
Resolution Radiometer (AVHRR) data acquired
over the period 1992—-1993. Images from the Land-
sat sensor (spatial resolution of 30 m) have been
used to develop the “High-Resolution Global Maps
of 21% Century Forest Cover Change”. This product
consists of the global tree cover extent and annual
tree loss and gain between 2000 and 2012 (Hansen
et al., 2013). Landsat data have also been used to
quantify annual deforestation and degradation across
the Brazilian Amazon for the period 2000-2010
(Souza et al., 2013). The authors classified the tree
cover using a combination of the spectral mixture
analysis, normalized difference fraction index,
and knowledge-based decision tree classification,
achieving an overall accuracy of 92%. Further-
more, the global forest/non-forest coverage was
produced at 25 m spatial resolution using a global
mosaic of Phased Array type L-band Synthetic
Aperture Radar (ALOS PALSAR) data. This product
achieved up to 95% overall agreement with Google
Earth images (Shimada et al., 2014).

Some of the existing EO based products, how-
ever, require verification and tuning to meet the
user requirements. For example, it was estimated
that the satellite based Copernicus HRL-tree cover
density layer has an overestimation error up to 7.5%
(Hoscito et al., 2016). In addition, there was a time
lag in releasing the Copernicus High Resolution
Layers. The HRLs for 2012 were released in 2015,
which is too late for the data to be used in national
reporting. Some of the existing products refer to
tree cover and other to forest cover. The EO based
products often refer to the tree cover as it can be
detected from space and does not require additional
information, for example tree height or minimum
forest area size. It has to be stressed that there are
around 800 different forest definitions in the World
(Archard et al., 2008). Different definitions are
required for different purposes and scales. In Poland,
the national definition of forest, as defined in the
Forest Act of 28 September 1991, refers to a homo-
geneous tree covered area of minimum 0.1 ha
(Ustawa o lasach, 1991).
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The aim of this paper is to examine the efficacy
of the Support Vector Machine (SVM) approach
for tree cover mapping based on Sentinel-2 images
and to explore the potential of the Sentinel-2 data
for the assessment of tree cover. In recent years,
there has been a significant increase in using the
SVM method in remote sensing. Mountrakis et al.
(2011) summarized empirical results from over
100 articles using the SVM image classification
algorithm. Several studies confirmed that the SVM
gives higher classification accuracy than the tradi-
tional classification method using small training
datasets. Shao and Lunetta (2012) compared SVM
classification of land-cover using MODIS time-
series data to multilayer perceptron neural networks
(NN) and regression trees (CART). The SVM accu-
racy reached from 77% to 80% for training sample
sizes from 20 to 800 pixels per class, compared to
67-76% and 62—73% for NN and CART, respectively.
Melgani and Bruzzone (2004) performed a detailed
comparison of SVM, conventional k-Nearest Neigh-
bour (kNN), and a radial basis neural network
using hyperspectral remote sensing data. The results
of their studies indicated that SVM substantially
outperformed the other two classifiers. Noi and
Kappas (2018) examined and compared the perfor-
mances of Random Forest (RF), kNN, and SVM
for land use/cover classification using Sentinel-2
data. They tested 14 different training sample size
and confirmed that SVM produced the highest
overall accuracy with the least sensitivity to the
training sample sizes.

Moreover, the SVM approach was successfully
used in classification of urban areas (Warner and
Nerry, 2009), land cover /land use classification
(Shao and Lunetta, 2012; Adam et al., 2014), crop
classification (Mathur and Foody, 2008), imper-
vious surface mapping (Inglada, 2007) and for de-
tection of illegal logging (Kuemmerle et al., 2009).

In this study the tree cover mapping was per-
formed using Sentinel-2 images. Sentinel-2 is an
Earth Observation (EO) mission implemented by
the European Commission (EC) and European
Space Agency (ESA) as part of the Copernicus Pro-
gramme. This mission is dedicated to global land
observation in support of services such as land cover
changes monitoring and natural disaster manage-
ment. Sentinel-2 is a constellation of two European
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satellites providing innovative wide-swath (up to
290 km), high-resolution and multispectral data
(13 spectral bands at 10, 20 and 60 m spatial reso-
lution) (Drusch et al., 2012).

2. Study area

The study area is located in the Forest Promotion
Complex, which is a part of the Knyszyn Forest
Landscape Park (Fig. 1). The study site covers
around 16 800 hectares, of which 75% is forest.
The area is dominated by the fresh mixed coniferous
forest and fresh mixed broadleaved forest. The do-
minant tree species in the majority of stands are
pine and spruce mixed with birch, alder and oak.
The largest area is occupied by forest aged 80—90
and 50-60 years. The average age of the forest
stands is around 57 years, which is the effect of the
reforestation after the Second World War. The tree
species composition results from the continental
climate prevailing in north-eastern Poland (short
growing season — about 200 days; average annual
temperature — 8.5°; precipitation — about 150 days
a year) and the soil type formed by the last glacia-
tion (clay, sandy soil and gravel) (Laziuk, 2014).

3. Data and Methods
3.1. Sentinel-2 data and pre-processing

The Sentinel-2 mission consists of two identical
satellites, Sentinel-2A (launched on 23 June 2015)
and Sentinel-2B (launched on 7 March 2017) collec-
ting data with high revisit frequency up to 5 days
at the equator (faster at higher latitudes). The two
satellites operate on opposite sides of the orbit.
The orbit is Sun-synchronous at 786 km altitude.
The orbit inclination is 98.62° and the Mean Local
Solar Time at the descending node is 10:30 am.
Sentinel-2 acquires 13 spectral bands (Table 1)
with 10 m (4 bands), 20 m (6 bands) and 60 m
(3 bands) spatial resolution (Drush et al., 2012).
In this study two cloud-free Sentinel-2 images
acquired on 31 August 2015 (late-summer image)
and 28 March 2016 (spring image), respectively,
were used. The Sentinel-2 A images Level 1C were
downloaded from the ESA Copernicus Open Access
Data Hub website. All images were corrected for
atmospheric, terrain and cirrus effects using the
ESA Sen2Core package (Mueller-Wilm et al., 2016).
The Sentinel-2 10 m and 20 m spectral bands were

Fig. 1. The location and extent of the study area (red outline) overlaid on the Sentinel-2 image acquired on 31.08.2015,
natural colour composite (RGB)
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Table 1. Wavelengths and Bandwidths of Sentinel-2 (source: https://sentinel.esa.int/web/sentinel/missions/sentinel-2)

. S2A S2B
Spatial Band
resolution | - Central Bandwidth Central Bandwidth
[m] wavelength [nm] wavelength [m]
[nm] [nm]

2 Blue 496.6 98 492.1 98

0 3 Green 560.0 45 559.0 46
4 Red 664.5 38 665.0 39
8 NIR 835.1 145 833.0 133
5 703.9 19 703.8 20
6 Vegetation Red Edge 740.2 18 739.1 18

20 7 782.5 28 779.7 28
8a Narrow NIR 864.8 33 864.0 32
11 1613.7 143 1610.4 141

SWIR

12 2202.4 242 2185.7 238
1 Coastal aerosol 443.9 27 442.3 45

60 9 Water vapour 945.0 26 943.2 27
10 SWIR (Cirrus) 1373.5 75 1376.9 76

used for further analysis. The open source common
architecture for ESA Toolboxes — SNAP (SeNtinel’s
Application Platform) — was used to subset images,
reproject to the national projection and to resample
20 m spatial resolution bands (B5, B6, B7, B8a,
B11,B12)to 10 m.

3.2. Forest Cover Map

The Forest Cover Map referring to the national
definition of forest as defined in the Forest Act of
28 September 1991, forest by definition is a homo-
geneous area of 0.1 ha (Ustawa o lasach, 1991),
was produced for the reference year 2012. This in-
cludes forests under all forms of ownership and
areas that are forested, but officially recorded as
non-forest (it should be noted that, for example,
the clear cuts are classified as forest by the national
definition of forest). The assessment of the actual
forest cover in Poland was derived based on existing
spatial datasets such as the Digital Forest Map
(covering explicitly the State Forests), Topographic
Database, Database of Parcel Identification System,
High Resolution Layer (Copernicus Land Moni-
toring product based on classification of satellite
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data) and National Forest Data Bank (Hoscito et al.,
2016). The weighted raster analysis was applied to
derive the Forest Cover Map. A detailed descrip-
tion of the undertaken approach can be found in
the paper by Hoscito et al. (2016). The minimum
mapping unit was equal to 0.1 ha and the minimum
mapping width was equal to 10 m.

3.3. Aerial orthophoto

Training samples (described in chapter 3.4) and
classification results were verified based on the na-
tional aerial orthophoto available through the geo-
portal.gov.pl in the form of the Web Map Service
(WMS).

3.4. Training and validation sample datasets

The Forest Cover Map was used as reference data
to select training and validation sampling plots.
Applicability of the SVM is only possible when
labelled samples of all the land-cover classes pre-
sent in the scene are available (Munoz-Mari et al.,
2010), so two classes: (1) tree and (2) non-tree
were examined. It was assumed that samples for
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training and validation will match to the size and
location of pixels of S-2 images (sample = pixel).
For this purpose, a net of polygons was created
from which the sampling plots for the tree and non-
tree classes were selected based on the random
sampling method (Fig. 2). In total 240 polygons of
10 x 10 m were selected for tree areas and the same
number of polygons for non-tree areas. To avoid
geometrical instability of satellite images and to
minimize the edge effect, the sampling plots had to
be surrounded by at least 3 % 3 pixels (30x30 m)
and located within larger polygons. Manual verifica-
tion was carried out to make sure that all sampling
plots are tree-covered. The manual verification of
the sampling polygons was applied against the
aerial orthophoto. For the non-tree cover class, the
training samples were carefully selected and repre-
sent various land cover classes i.e. agriculture areas,
water, shrubs, buildings, roads, excavation sites.

A benefit of SVM is the ability to successfully
handle small training data sets (Mantero et al.,
2005). Research by Noi and Kappas (2018) has
shown that the accuracy results of SVM were not
significantly different among different training
sample sizes. According to Mathur and Foody
(2008) the accuracy of an SVM classification de-
pends not so much on the size of input training data
but more on the location of training data in the
feature space. Therefore sampling plots were split
equally into the training set (50%) and the valida-
tion set (50%).

3.5. Support Vector Machine classification

The tree cover classification was performed using
the Support Vector Machine (SVM). The SVM ap-
proach was introduced within the Framework of
the Statistical Learning Theory developed by Vapnik
(Cortes and Vapnik, 1995). The SVM is a super-
vised non-parametric statistical learning technique
(Mountrakis et al., 2011) that was originally de-
signed for binary classification (Mathur and Foody,
2008). The SVM is based on the main hypothesis
that the training set is linearly separable. The SVM
searches for the optimal line (hyperplane) which
separates without errors the training set, and maxi-
mises the distance, named the “margin”, between the
objects of both classes and the hyperplane (Fig. 3).
Thus, instead of using the whole available training
set to describe classes, SVM uses only those training
samples that describe class boundaries (support
vectors) (Roli and Fumera, 2001).

The SVM classification and validation of the
classification outcomes were performed in the
En-MAP BOX version 2.2.1 — freely available,
platform-independent software designed to process
hyperspectral remote sensing data (van der Linden
etal.,2015). The SVM comprises a two-step approach
consisting of (1) the parameterization of a Support
Vector Classifier (SVC) based on reference data, and
(2) the classification of the image data. The Radial
Basic Function (RBF) kernel was used to imple-
ment the SVM algorithm. Parameterizing SVM in

Fig. 2. Example of the sampling plots overlaid on the S-2 image (A) and on the orthophoto (B)
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Fig 3. Example of the separation of the classes using
the Linear Support Vector Machine approach (source:
Mountrakis et al., 2011)

this way requires setting the parameter y, which
defines the width of the Gaussian kernel function
and regularizing parameter C, which controls the
trade-off between the maximization of the margin
between the training data vectors and the decision
boundary plus the penalization of training errors
(van der Linden et al., 2014). The following pa-
rameters were used for the classification y ranging
from 0.01 to 1000 with a linear kernel, and C ranging
from 0.01 to 1000 with 3-fold cross validation on
the training data.

To assess the potential of the Sentinel-2 data for
tree cover mapping, the SVM classification was per-
formed on single images (from spring and summer
season separately) and on multi-date Sentinel-2
images (stack of two images classified simultane-
ously). In addition, the classification was carried
out on the high-resolution bands (blue: B2, green:
B3, red: B4, and NIR: B8) at 10 m spatial resolu-
tion and on a combination of the 10 m and 20 m
bands (Vegetation Red Edge: B5, B6, B7, Narrow
NIR: B8A and SWIR: B11, B12). Table 2 presents
the description of executed SVM classifications.

The accuracy of the SVM classification was
assessed based on the 240 validation sampling
plots (120 tree and 120 for non-tree), not used in
the classification process. The accuracy of each
classification was assessed using the same testing set.
The accuracy measures are the overall accuracy
including the 95% confidential level, Kappa accu-
racy and classification confusion matrix including
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a number of correctly and incorrectly classified
pixels. In addition, the omission error, which is the
share of reference pixels in the class that have been
omitted in the classification and the commission
error, referring to the percentage of the class pixels
in the classification which are falsely classified,
were calculated.

Table 2. Number of SVM classifications carried out based
on a single image (CL1, CL3, CL5) and combination of
S-2 images (CL2, CL4, CL6)

Spatial Spatial
resolution resolution
10 m 10m+20m

Sentinel-2 dates

31.08.2015 CL1 CL2
28.03.2016 CL3 CL4
31.08.2015 + 28.03.2016 CL5 CL6

Based on the results of the accuracy assessment,
the best tree cover map was selected and compared
to the Forest Cover Map. For these purposes the
tree patches less than 0.1 ha had to be eliminated
from the tree cover map to meet the national forest
definition criteria and to be comparable with the
content of the Forest Cover Map.

4. Results and discussion

In general, the overall accuracy for tree/non-tree
SVM classifications was very high and reached the
level of 96.7%-99.6% and a Kappa accuracy of
93.3%-99.2% (Table 3). The highest overall accu-
racy and Kappa value was obtained for the stack of
Sentinel-2 images (CL5&6) and for the single late-
summer image (CL1&2). The best classification
was obtained for the stack of 10 m band spatial
resolution S-2 images — CLS5. By contrast, the lowest
overall accuracy (96.7-97.1%) and Kappa accuracy
(93.3%-94.1%) was achieved for the single S-2
image acquired in spring (CL3&4).

The analysis of the classification accuracy for
separate classes (tree and non-tree) revealed that
the tree cover class was classified with the highest
accuracy using the single S-2 image acquired in
the summer period (CL1) and using the multi-date
approach (CL5). The lowest Kappa accuracy values
(90.3% and 93.4%) were achieved for the S-2 image
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Table 3. Overall accuracy and Kappa accuracy of performed classifications

S-231.08.2015 S-228.03.2016 S-2 stack
S-2 spatial resolution CLI CL2 CL3 CcL4 CL5 cL6
10 m 10m & 20m 10 m 10m & 20m 10 m 10m & 20m
Overall Accuracy [%] 99.16 98.74 96.65 97.07 99.58 98.74
Kappa Accuracy [%] 98.33 97.49 93.30 94.14 99.16 97.49

acquired in the spring 28.03.2015 (CL3&4). In this
case, the commission and omission errors for tree
and non-tree classes reached the highest values
(Table 3). Comparison of other classification results
revealed that in the case of CL1, the commission
error of the non-tree class is larger than in the CL 5
case, which means some of the non-tree areas were
misclassified as trees in CL1. However, the com-
mission errors for the tree class were higher for the
classification based on multi-date images (CL5&6)
(Table 4). The omission errors for the tree class
were larger for the classification on the single S-2
images acquired in the summer period, whereas the
omission errors for the non-tree cover class were
larger for the multi-date classification (CL5&6).

The forest/non-forest was also successfully clas-
sified by the SVM classifier by Kuemmerle et al.
(2009) — overall accuracies reached 97.1%-98.0%.
This study was conducted in the Ukrainian Car-
pathians on the Landsat images in the period from
1980 to 2007. Huang et al. (2008) also used Land-
sat images and the SVM algorithm for developing
an automated solution to forest cover change de-
tection — overall accuracy values were approxi-
mately 90%.

The SVM classification on the early spring
images achieved the lowest accuracy, which may
be due to the misclassification of the broadleaf trees
as non-forest areas (underestimation) and misclas-
sification of, for example, wet meadows as forest
(Fig. 4). In total, 6 forest verification plots were
misclassified as non-tree class. The analysis showed
that the S-2 images acquired in the middle of the
vegetation season, when the leaves are fully deve-
loped, are more suitable for tree cover mapping.
The discrepancy in the accuracy of the classification
results between the single image (CL1&2) and the
combination of two images (CL5&6) may be in-
fluenced by the low accuracy of the spring image
classification.

The largest inconsistency in the classification re-
sults is visible on the edge of the forest and over
the young forest (Fig. 5).

The comparison of the classification results shows
that the classification performed on the single S-2
image acquired in summer and multi-date images
gave the best results. The single image approach is
less time-consuming as compared to the multi-date
approach. Additionally, the multi-date approach is
more sensitive to the geometrical precision of the

Table 4. Performance of classifications

S-2 31.08.2015 S-228.03.2016 S-2 stack
CL1 CL2 CL3 CL4 CLS CL6
I0m |[10m&20m| 10m |[10m&20m| 10m |10m & 20 m
Non-tree 96.71 95.10 96.54 94.94 100.00 100.00
Kappa Accuracy [%]
Tree cover | 100.00 100.00 90.28 93.36 98.34 95.10
Non-tree 1.65 2.46 1.74 2.54 0.00 0.00
Commission Error [%]
Tree cover 0.00 0.00 4.84 3.31 0.83 2.44
Non-tree 0.00 0.00 5.04 3.36 0.84 2.52
Omission Error [%]
Tree cover 1.67 2.50 1.67 2.50 0.00 0.00
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Fig. 4. The results of the tree cover SVM classification on (left) the single S-2 spring image (CL3, blue colour) and
(right) on the multi-date S-2 images (CLS5, orange colour); note the overestimation of the tree cover CL3 over the meadows
and arable land

Fig. 5. The results of the tree cover SVM classification on (left) the single S-2 spring image (CL 3, blue colour) and
(right) on the multi-date S-2 images (CL 5, orange colour); note the discrepancy on the forest edges

input data and often requires additional co-regis-
tration to assure that the images are perfectly over-
laid. On the other hand, the single image approach
may be less reliable in the case of the more com-
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plex forest structure and landscape variability. It
should also be stressed that the acquisition date of
the satellite image used in the classification of tree
coverage is very important.
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The classification performed on the S-2 single
summer image at 10 m spatial resolution (CL1)
gave lower omission error (1.7%) compared to a com-
bination of 10 m & 20 m bands (CL2 — 2.5%). In
both cases, however, the Kappa accuracy was very
high (100%). The performance of the classification
of the multi-resolution data may be improved by
the application of the super-resolution method
described by Brodu (2017), which allows all bands
to be brought from 20 m down to 10 m spatial reso-
lution. In this study, the traditional resampling
method was applied.

In the final step, the results of the best SVM clas-
sification — CL5 was cross-checked against the
Forest Cover Map. To be able to compare both
maps, the tree patches less than 0.1 ha had to be
eliminated from the SVM tree cover map. This is
because the Forest Cover Map refers to the national
forest definition. Generally, there was a quite good
agreement between the two maps, especially over
the large forest patches. The SVM accurately de-
lineated small forest patches and forest on the edges
that were omitted in the Forest Cover Map (Fig. 6).
The underestimation of forest areas in the SVM
map predominantly occurred within the larger forest
patches, which is mainly associated with the clear-
cuts and open areas that are by national forest defi-

nition classified as forest but are currently not
covered by trees.

The classification of remotely sensed data pro-
vides information on the tree coverage regardless
of the official national definition, thus further post-
classifications analysis is required to come up with
the extent of the national forest. Nevertheless, the
tree cover mapping using a time series of Senti-
nel-2 images can be both more accurate and effi-
cient than the conventional methods based on the
visual interpretation of the aerial orthophoto or
derived statistically from field sampling. Secondly,
satellite data enable more frequent updates of the
extent of tree cover and monitoring of the tree cover
changes over a larger area. In addition to that, the
fully automated classification of the satellite images
allows reliable products to be produced in a short
time.

5. Conclusions

The overall accuracy for all classification per-
formed was very high and reached above 96%,
which confirms that it can be successfully applied
for tree cover mapping. The results of this study
confirmed that the classification performed explicitly
on the 10 m spectral resolution bands gave slightly

Fig. 6. Forest Cover Map (green colour) and the SVM forest map (orange colour)- result of the CLS

35



Anna Mironczuk
Agata Hoscito

Geoinformation Issues
Vol. 9, No 1 (9), 27-38/2017

better accuracy than the classification based on a com-
bination of the 10 and 20 m spatial resolution
bands. This could be due to the applied resampling
method. The performance of the classification of
the multi-resolution data may be improved by the
application of the super-resolution method de-
scribed by Brodu (2017), which allows all bands to
be brought from 20 m down to 10 m spatial resolu-
tion. Further work is required to address this issue.
The analysis showed that the Sentinel-2 images
acquired in the middle of the vegetation season,
with a presence of leaves are more suitable for the
tree cover mapping. The vegetation phenology is
crucial not only for tree cover mapping but also for
tree type analysis. The next step of this research
will be: 1) to test the SVM methods over a larger
area using different time series of Sentinel-2 data
and to investigate the synergy of the Sentinel-2 and
Sentinel-1 data, and ii) to investigate the perfor-
mance of different machine learning approaches
for tree cover mapping.
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Streszczenie: Wiedza na temat terenéw zadrzewionych jest istotna zaréwno ze wzgledu na zarzadzanie
lasami, jak i z punktu widzenia poprawnos$ci raportowania danych na potrzeby krajowych i miedzynarodo-
wych statystyk. Zobrazowania satelitarne sg wykorzystywane do okreslania zasiegu terendéw zadrzewio-
nych, szacowania aktualnego stanu zdrowotnego laséw oraz do ciggtego monitorowania zmian zachodzacych
w lasach.

Gtéwnym celem badan byta analiza mozliwosci wykorzystania metody wektoréw nosnych Support Vector
Machine (SVM) do kartowania powierzchni zadrzewionej na podstawie zobrazowan z europejskiego satelity
Sentinel-2. Misja Sentinel-2 to konstelacja dwdch satelitow: Sentinel-2A i Sentinel-2B, rejestrujgcych promie-
niowanie w zakresie optycznym, bliskiej i dalszej podczerwieni. Najwiekszym atutem misji Sentinel-2 jest
skrécony czas rewizyty (ok. 5 dni), szeroki pas obrazowania (290 km) oraz zwiekszona rozdzielczo$¢ prze-
strzenna (10 m, 20 m i 60 m). Teren badan zlokalizowany byt na terenie Lesnego Kompleksu Promocyjnego
Puszczy Knyszynskiej. W celu okreslenia przydatnosci zobrazowan Sentinel-2 do kartowania terenéw za-
drzewionych analizy wykonano na pojedynczych zobrazowaniach S-2 zarejestrowanych wczesng wiosng
(28.03.2016) i latem (31.08.2015) oraz na kombinacji danych wieloczasowych, pochodzacych z dwéch dat.
Dodatkowo testowano wptyw liczby kanatéw spektralnych na wynik klasyfikacji. W tym celu wykonano klasy-
fikacje na czterech 10 m kanatach spektralnych oraz na kombinacji 10 m i 20 m kanatach spektralnych.

Wyniki przeprowadzonych badan potwierdzity potencjat metody SVM do kartowania terenéw zadrzewio-
nych. W kazdym przypadku catkowita doktadnos$¢ wykonanych klasyfikacji osiggneta warto$¢ powyzej 96%.
Najwiekszg doktadnos¢ osiggnieto w przypadku klasyfikacji obrazu letniego (doktadnos¢ catkowita 99.2%,
Kappa 98.3%), zas najnizszg w przypadku obrazu wiosennego (doktadnosc¢ catkowita 96.6, Kappa 93.3%).
Wyniki klasyfikacji wykonanej na pojedynczym obrazie S-2 byly nieco lepsze niz na wieloczasowych obrazach.

Stowa kluczowe: tereny zadrzewione, Support Vector Machine, Sentinel-2, klasyfikacja
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