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Abstract
Abandoned agricultural land (AAL) is a widespread phenomenon in the countries of Central and Eastern Europe where
large tracts of agricultural land were left uncultivated following the collapse of socialism. Remote sensing and
geographic information system (GIS) provide powerful tools for mapping and analysis of AAL at various spatial and
temporal scales. Here we present an approach to AAL extraction from Sentinel-2A satellite imagery, provided
in the frame of European Copernicus program. This study aims to investigate and map the spatial distribution of AAL
on the foothill of Little Carpathians and in Danubian Lowland, Slovakia. Supervised maximum likelihood classification
was used to identify AAL polygons. Aerial orthophotos were used along the classified Sentinel images to support this
goal and accuracy assessment. The presented case study showed the possibilities of semi-automatic extraction of AAL
from Sentinel-2A data that may improve the transfer of scientific knowledge to the local agri-environmental monitoring
and management.
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INTRODUCTION
Agricultural abandonment is an important land use process in many world regions and one of the dominant land use
change processes in Europe (Prishchepov et al. 2013, Alcantara et al. 2013, Zanden et al. 2017, Yin 2018). Land
abandonment can be driven by multiple causes including decreased productivity, rural-urban migration, abandonment
of agricultural practices by an ageing population or the land is no longer suitable for agricultural production. Recent
studies on this topic in Europe showed that agricultural abandonment primarily occurs in less productive areas, remote
and mountainous regions and areas with soil erosion or other unfavourable conditions (Mottet et al. 2006, Rey Benayas
et al. 2007, Pazúr et al. 2014). Secondary drivers of agricultural abandonment include rural depopulation and regional
specific factors regarding land ownership and tax regimes (Zanden et al. 2017). However, Gradinaru et al. (2015) point
abandonment of agricultural land around cities related to urban sprawl that is driven by increasing land prices and
fragmentation of farmland.
Abandoned agricultural land is defined as agricultural land used for crops planting, hay and livestock grazing for Time I
but no longer used for Time II and thus often covered during the latter period by non-managed grasslands with early
successional shrubs and trees (Prishchepov et al. 2013). Majchrowska (2013) define farmland abandonment as cessation
of farming activity on a given surface of the land. This process can have both positive and negative outcomes and the
consequences differ per location and scale (Rey Benayas et al. 2007). Negative effects relate to the reduction of land use
mosaic and consequently landscape heterogeneity as well as loss of economic stability within a region. Positive
outcomes are related to the effect of revegetation that increases carbon sequestration by means of woody biomass
increase and new wilderness areas suitable for many species (Navarro, Pereira 2012).
Land abandonment is not a static final state but the transitional stage that can result in different trajectories of land
cover change with varying long-term outcomes. To study the process of agricultural landscape abandonment, current
information about the quantities, qualities and spatial configuration of AAL are needed. The most recent data
on the land cover are available from Sentinel-2A (S2A) – the high-resolution optical Earth observation mission
developed within Copernicus program. The mission is intended to monitor variability in land surface conditions, and its
high revisit time support monitoring of changes to vegetation within the growing season (Rosina, Kopecká 2016).
Several factors contribute to the differences in abandonment estimates, including differences in time periods assessed,
varying abandonment definitions and limitations of official statistics on abandonment. In addition, a major reason for
the uncertainty is that abandonment patterns are heterogeneous. In this study, our goal was to explore the potential of
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S2A satellite imagery for agricultural abandonment mapping at the local level and to map the abandoned polygons
across selected study area on the foothill of Little Carpathians (Malé Karpaty Mountains) and in Danubian Lowland
(Podunajská Nížina Lowland), Slovakia.
Specifically, our research questions were:
1.

What is the accuracy of the S2A semi-automatic AAL classification at the local level?

2.

In which phase of the vegetation period is AAL mapped with the highest accuracy?

DATA AND METHODS
Used S2A multispectral data represent 13 spectral bands with a swath width of 290 km and spatial resolutions of 10 m
(three visible and a near-infrared band), 20 m (6 red-edge/shortwave infrared bands) and 60 m (3 atmospheric
correction bands). For further processing, we used bands with 10 m spatial resolution, according to specification for
S2A bands: blue (0.490 µm), green (0.560 µm), red (0.665 µm) and NIR (0.842 µm). S2A data are available from mid2015 from the Copernicus Open Access Hub (ESA 2015). As the first step, cloud-free S2A scenes acquired in 2017
on May 11, July 20 and September 08 were downloaded from Copernicus Sentinel Scientific Data Hub
(https://scihub.copernicus.eu/dhus/). We used orthorectified and radiometrically corrected images. The highest
processing level available for download is 1C – radiometrically corrected and orthorectified images. Since the study
areas represent only a small fraction of the respective scene’s footprint, we have assumed constant atmospheric
conditions and no atmospheric corrections were applied. The S2A data processing was performed using ESA SNAP 6.0
software. A true colour (red-green-blue) (RGB) composite of the images is displayed in Figure 1.
a

b

c

Figure 1. True colour composite of S2A images a) May 11 b) July 20 c) September 08
Spectral reflectance data were used for calculating 4 vegetation indices (Table 1): the Simple Ratio, SR (whose value
increases due higher amount of green vegetation in the pixel (Jordan 1969)), the Normalized Difference Vegetation
Index, NDVI (is a measure of above ground live biomass quantity, with the highest values corresponding to dense green
vegetation (Gradinaru et al. 2017, Rouse et al. 1974)), the Green-Red Vegetation Index, GRVI (used to identify green
vegetation from other surfaces, while is very useful in identifying spring leag blotch and autumn leaf colouring
(Motohka et al. 2010)), the Green Chlorophyll Index, CIGreen (is derived from a conceptual model of the reciprocal
reflectivity which allows the isolation of coefficient of the pigment of interest from reflectance spectra that is useful for
gross primary production in crops (Gitelson et al. 2005)). All mentioned vegetation indices were calculated from bands
which were specified earlier.
Table 1. Vegetation indices evaluated in the study
Index
Simple Ratio
Normalized Difference Vegetation Index
Green-Red Vegetation Index
Green Chlorophyll Index

Formulation
𝜌𝜌𝑁𝑁𝑁𝑁𝑁𝑁
𝑆𝑆𝑆𝑆 =
𝜌𝜌𝑅𝑅𝑅𝑅𝑅𝑅
𝜌𝜌𝑁𝑁𝑁𝑁𝑁𝑁 − 𝜌𝜌𝑅𝑅𝑅𝑅𝑅𝑅
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =
𝜌𝜌𝑁𝑁𝑁𝑁𝑁𝑁 + 𝜌𝜌𝑅𝑅𝑅𝑅𝑅𝑅
𝜌𝜌𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 − 𝜌𝜌𝑅𝑅𝑅𝑅𝑅𝑅
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 =
𝜌𝜌𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 + 𝜌𝜌𝑅𝑅𝑅𝑅𝑅𝑅
𝜌𝜌𝑁𝑁𝑁𝑁𝑁𝑁
𝐶𝐶𝐶𝐶𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 =
−1
𝜌𝜌𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺

Reference
Jordan 1969
Rouse et al. 1974
Motohka et al. 2010
Gitelson et al. 2005
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We classified S2A data into four main classes (Alcantara et al. 2013): active agriculture (subclasses: arable land,
pastures and permanent crops), forest, abandoned agriculture and other (subclasses water and urban areas). Abandoned
agriculture included cropland and pastures that were likely actively farmed in the socialist period, but covered by
successional vegetation (e.g. grasslands, shrubs) when the satellite images were recorded, showing no signs of
management such as plowing, mowing, intensive grazing. A supervised approach was used to obtain higher accuracy –
a set of manually pre-classified training samples was used to train the automatic classifier. A sufficient number of
sample plots located evenly in the study area were created for each of the land cover classes/subclasses (Table 2).
In the process of selecting training samples for supervised classification of the S2A imagery, auxiliary data were used.
Training samples were situated on the parcels excluded from Land Parcel Identification System (LPIS) between 2004
and 2015 (except for built-up areas). LPIS is the key component of the Integrated Administration and Control System
for agricultural subsidies. It is a useful tool to determine the eligibility of agricultural land based on aerial photographs.
A unique number is given to each land parcel to provide a unique identification in space and time. This information is
regularly updated to monitor the evolution of the land cover and the crop management.
Created training samples were validated by measuring the distance between quantitative variables. Jeffries-Matusita
spectral distance was used for evaluating the spectral distance, which calculates the separability of a pair of probability
distributions. The most suitable exploitation is for using the Maximum Likelihood classification algorithm. The JeffriesMatusita spectral distance was explained by Richards and Jia (2006). The Jeffries-Matusita spectral distance is
asymptotic to 2 when signatures are completely different, and tends to 0 when signatures are identical. Calculation of
the spectral distance was performed by semi-automatic classification plugin for QGIS (Congedo 2016).
Table 3 illustrates the difference between the Jeffries-Matusita spectral distance calculated directly from S2A native
10 m spectral bands and using the vegetation indices.
Table 2. Number of training sample pixels used for S2A classification
Class

Abandoned
agriculture

Subclass

-

Arable

5474

30480

247

10.23%

56.96%

0.46%

Number of training sample
pixels
Percentage of training
sample pixels

Active agriculture

Forest

Pastures Permanent crops

Other

-

Water

Urban

1412

12041

752

3109

2.64%

22.50%

1.41%

5.81%

Finally, the commonly used maximum likelihood classifier was employed to perform the per-pixel classification using
ESRI ArcGIS Desktop 10.5 software (Figure 2). This parametric classifier using a normal distribution of values could
describe the position of the training set by its average values size by means of scatter values and shape and orientation
by means of covariance. Based on the calculated parameters, the classifier could calculate the statistical probability of
the unknown pixel’s belonging to the given training set. This is shown in the 2D space as elliptical probability isolation.
Pixels in each class are ranked according to the highest probability of membership (Mičietová et al. 2008).
Classification output was modified by removing raster polygons smaller or equal than 4 pixels per area using GDAL
Sieve algorithm. The value of removed pixel was replaced with the value of the largest neighbour polygon.
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Figure 2. Scheme of the S2A image classification and validation
Using the tools for post-classification accuracy assessment in ArcGIS Desktop 10.5 we created 200 randomly sampled
points that were compared with the classification results at the same locations and aerial orthophotomaps from 2017.
Results of accuracy assessment for each image are presented in Table 4. The diagonal values represent correctly
classified pixels. The ratio of their sum to the total number of tested pixels gives the total accuracy of the classification.
It is calculated by dividing the total number of correctly classified pixels by the total number of reference pixels.
User’s accuracy (errors of commission – rows of the table) indicates the probability that prediction represents reality – it
shows pixels incorrectly classified as a given class. It is calculated by dividing the number of correctly classified pixels
in each class by the total number of pixels that were classified in that class. On the other hand, Producer’s accuracy
(errors of omission – columns of the table) indicate the quality of the classification of training set pixels – it shows
pixels of a known class classified as something else. It is calculated by dividing the number of correctly classified pixels
in each class by the number of training set pixels of the corresponding class.

STUDY AREA
The study area covering 99 km2 is located on the foothill of Little Carpathians, a low mountain range situated in West
Slovakia. The mountains are surrounded by Danubian Lowland in the east and Záhorie Lowland in the west (Figure 3).
The highest peak is Záruby (768 m a.s.l.). The mountains are densely forested by broad-leaved trees (dominated by
beech and oak). However, the foothills in the southeastern part have been traditionally one of the most important centers
of viticulture in Slovakia. The vineyards at the SouthEastern slopes represent a preserved element of the historical
structure of the agricultural landscape. Through long-term vineyard cultivation, unique small-scale landscape elements
have been formed. These elements are specific for this region and include a variety of narrow-band terraces, stone
mounds or bulwarks, small stone walls and heaps and stone vineyard sheds (Krivosudský 2014). New terrace
landscapes were created in the period of socialism in the second half of the twentieth century and are intensively
managed. They usually consist of a vineyard monoculture. However, some of them were abandoned and overgrown
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with woody vegetation after 1990 (Špulerová et al. 2017). The eastern part of the study area situated in Danubian
Lowland is used for intensive agricultural production, prevailingly on arable land.

Figure 3. Location of the study area (Digital Elevation Model Over Europe — EU DEM — Source:
http://land.copernicus.eu/pan-european)

RESULTS
Abandoned farmland is widespread across all the study area, totally 946.49 ha, which is equal to a share of 9.6% of the
total area (Figure 4). Compared to the data from LPIS database, the area of abandoned land is nearly twice as large
(493 ha). However, LPIS does not include the agricultural areas abandoned during the first years after the fall of
socialism (1990-2003). The most extensive parts are represented by the former vineyards where the original
cooperatives ended large-scale farming and they were returned to the original landowners.
Table 3 illustrates the effectivity of using vegetation indices because of relatively low spectral difference between
training samples using only four native spectral bands from S2A. Jeffries-Matusita spectral distance lower than 1.85
could dedicate unsuitability for approving spectral difference between training samples. This unsuitability does not
allow acceptance for classification. Calculated difference between vegetation indices usage and without it showed that
especially between the classes Abandoned agriculture and the Active agriculture is crucial.
Table 3. Jeffries-Matusita spectral distance between training samples
Class

Active agriculture
Method

July

Sept.

May

July

Sept.

May

July

Sept.

1.814

1.814

1.688

0.967

1.962

1.816

1.956

1.952

1.871

1.995

1.998

1.989

1.721

1.998

1.997

2.000

2.000

1.998

-0.181

-0.184

-0.301

-0.754

-0.036

-0.181

-0.044

-0.048

-0.127

VI = Ø

1.802

1.958

1.947

1.573

1.477

1.164

VI = 1

1.999

2.000

2.000

1.935

1.940

1.849

diff.

-0.197

-0.042

-0.053

-0.362

-0.463

-0.685

1.933

1.987

1.987

Abandoned
VI = 1**
agriculture
diff. ***

VI = Ø
Forest
*

Other

May

*

VI = Ø

Active
agriculture

Forest

VI = 1

2.000

2.000

2.000

diff.

-0.067

-0.013

-0.013

without usage of vegetation indices; ** usage of vegetation indices; *** difference

The overall accuracy indicates the quality of each land cover map classification. The accuracy assessment of land cover
maps based on the three S2A images suggested the highest overall accuracy in July – 82.5%. The class Abandoned
agriculture has the Producer’s accuracy 95% and the User’s accuracy 78% (Table 4). The accuracy level reached in July
is corresponding to the increase of 9.6% compared to May (72.9%) and then it decreased by 9.5% in September (73%).
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Table 4. Results of supervised classification accuracy assessment of S2A images
a) May 2017 b) July 2017 c) September 2017
a)

Abandoned agriculture
Active agriculture
Forest
Other
Total
Producer’s Accuracy
*

Abandoned
agriculture
24
3
1
0
28
0.86

Active
agriculture
12
43
1
18
74
0.58

Forest

Other

Total

10
0
48
1
59
0.81

4
4
0
30
38
0.79

50
50
50
49
199*

Forest

Other

Total

6
2
49
1
58
0.84

1
3
0
33
37
0.89

50
50
50
50
200

Forest

Other

Total

8
1
48
5
62
0.77

6
2
0
35
43
0.81

50
50
50
50
200

User’s
Accuracy
0.48
0.86
0.96
0.61
0.729

one sample point was excluded due to a cloud

b)

Abandoned agriculture
Active agriculture
Forest
Other
Total
Producer’s Accuracy

Abandoned
agriculture
39
1
1
0
41
0.95

Active
agriculture
4
44
0
16
64
0.69

Abandoned
agriculture
24
8
1
0
33
0.73

Active
agriculture
12
39
1
10
62
0.63

User’s
Accuracy
0.78
0.88
0.98
0.66
0.825

c)

Abandoned agriculture
Active agriculture
Forest
Other
Total
Producer’s Accuracy

User’s
Accuracy
0.48
0.78
0.96
0.70
0.730

Figure 4. Land cover classification of the study area based on S2A image (July 20, 2017)
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The highest number of misclassified sample point was represented by the wrong classification of the vineyards or arable
land without vegetation (tilled soil or stubble fields) as impervious surfaces (class Active agriculture classified as
Other), both in May and in July. In September and May we recorded relatively high share of sample points representing
Abandoned agriculture classified as Active agriculture (Table 5). Misclassified pixels will be analysed during further
research.
Table 5. Results of supervised classification accuracy assessment of S2A images
Class

Active agriculture

Month

May July Sept. May July Sept.

Abandoned agriculture
Active agriculture
Forest

15

5

20

Forest

Other
May

July Sept.

11

7

9

4

1

6

1

2

2

22

19

12

1

1

5

It is worth of mentioning that relatively high accuracy of AAL mapping is affected by some specific features of the
study area, especially the high share of abandoned permanent crops with dispersed woody vegetation. These areas are
more suitable for the supervised classification than abandoned arable land in an initial stage of succession.

CONCLUSION
Understanding the spatial patterns of AAL is important for the assessment of the landscape potential to contribute not
only to food production but also to other ecosystem services like biomass production or carbon sequestration. The better
understanding of the AAL patterns is also important to assess the tradeoffs between recultivating currently abandoned
farmlands or letting them revert to forests.
The presented case study showed the possibilities of semi-automatic extraction of AAL classes based on S2A images
and proved the effectivity of the vegetation indices usage in the supervised classification. Frequent revisiting time and
relatively high spatial resolution of the images are the most important advantages of Sentinel mission. We compared
accuracy assessment of land cover maps derived from spring, summer and fall images on the local level. The most
accurate results have been achieved using the July images.
The results highlighted widespread AAL across the study area. Our future research will be oriented to the improvement
of the employed semi-automatic method of AAL mapping using of Support Vector Machine (SVM) classifier and
eventually the enhancement of its accuracy using multiseasonal approach (combination with Sentinel-1 Synthetic
Aperture Radar Data). Knowledge of the AAL spatial structure will allow subsequent analysis of the AAL determinants
(e.g. altitude, slopes, the distance for settlement, soil fertility, inaccessible areas, etc.) driving forces of abandonment
and adoption of effective preventive measures.
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