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LAND COVER CHANGE DETECTION FOR AMALGAMATED TERRITORIAL COMMUNITIES:
EXAMPLE OF USING REMOTE SENSING FOR FOREST CLASSIFICATION
AND DEFORESTATION DISCLOSURE

The study is aimed to apply remote sensing for purposes of land cover detection in researches of new territorial units in Ukraine.
The example of forest detection using Landsat images is particularly presented in the study. While the study area presented by
Korovyntsi amalgamated territorial community in the Sumy region. The forest classification and deforestation detection have been
processed for every 5 years from 1990 through 2020.

The Landsat 5, 7, and 8 data from the United States Geological Survey (USGS) have been used for the research. The image
choose depended on the date of data availability and reliability, but in time between mid-May to early July. The dataset of 11 total
images was processed in the Harris Geospatial Solutions’ Environment for Visualizing Images (ENVI). The data were calibrated by
using the ENVI Landsat calibration tool, the atmospheric correction applied by using the ENVI FLAASH tool, and seamless
mosaicking was used for some periods with more than one images needed.

Normalized Difference Vegetation Index (NDVI) is the basis for forest classification applied. Comparing remote sensing data
from different years and different Landsat satellites allowed not just to identify vegetation type of forest, but also to detect land
cover changes. The change detection has been analyzed in two ways. The first method was based on changes in classification
status. The second method was based on a difference in NDVI values, while forest classification was held for masking out non-
forest areas.

The applied study observed ways of cost-efficient land use research for local communities. Those methods could be used by
NGO's, local activists, citizen scientists, local authorities for improving land use management with the most updated data, and
identifying problems of deforestation, in case of the study presented. Nonetheless, land cover change detection is not limited to
forest cover presented in the study. Anyway, in the case of forest detection, Landsat images from different satellites could be
compared and present historical data for the rural areas, which had a low research interest in the past, but it changed due to

administrative reform in Ukraine and switching governance power to the local communities.
Keywords: remote sensing, land cover change detection, deforestation, rural community.

Introduction. Decentralization reform in Ukraine switched
attention in regional planning to local communities, as they
became mostly responsible for local governance. The
amalgamated territorial communities (ATC, or hromada) were
created and were given the power of community planning.
Rural communities became an object of planning research
related to state-level planning issues, as well as local
improvement levels of research-driven not only by the
government of Ukraine. Geospatial data is basic and
important information for management decisions, especially
related to spatial planning and community development. The
lack of detailed and rural-communities-oriented datasets
requires a search for reliable and efficient sources of the data,
so local communities could rely on it in governance and
deeply improve the impact of decentralization.

Research Statement and Purpose. The purpose of the
project is to determine ways of using free-access remote
sensing data for forest management purposes and the
needs of local communities in Ukraine on the example of the
Korovyntsi rural community, Sumy oblast. Change detection
within division boundaries through time, beginning from the
Soviet Union collapse through the transition period up to
date. The Korovyntsi rural hromada, Sumy region, was
selected as a project region. The area is around 250 sq. km
(96.5 sq. mi). The community located within the valley of the
river Sula, within the upper river basin, and the river splits
the community into the south (agricultural) and north (forest)
part. The forestation rate for the community is 20%, which is
above the average forest cover of the Sumy oblast (17,8%).
Coniferous forest (Scots pine, Spruce, and Larch) is
dominating in the northern part of the community, while
broadleaf and mixed forests (birch, black alder, aspen,
basswood, poplar, willow) can be found on both sides and
occupy small areas.

Research Questions:

1. How free satellite image data can be used for forest
monitoring, as an element of land-use change detection, by
local communities?

2. How deforestation analysis can be performed by using
remote sensing tools?

3. How deforestation can be detected by using Landsat
open data?

Goals

To achieve these goals shall be enacted the following
tasks:

e to map forest cover change in the community (1990—
2020) from Landsat TM/ETM+ images by using NDVI;

e to compare NDVI from different images and to
identify deforestation area within the community;

¢ to map forest change by using dNDVI;

e to access the spatial pattern of logging based on
regeneration for detecting deforestation.

Literature review. Mapping and monitoring of land-use
changes of the territory of Ukraine were presented in
several studies and published in scientific and professional
journals mainly after 2011 due to the increasing of
researches based on free data from US and EU remote
sensing data sources. Lately, Ukrainian regions were a
part of the inter-state studying of the Carpathian region.
Western Ukraine became a major study area for researches,
because of the variety of land covers: agricultural lands,
forests, mining areas, and combining with mountain regions.
It allowed producing studies on cropland changes, canopy
layers, forest studies, amber removal, snow cover changes,
etc. within one region of Ukraine.

Land use differences are the main purpose of remote
sensing studies for planning or management purpose.
Stefanski, et al. (2014) [8] made a long-range analysis of
land-use changes of Western Ukraine from 1986 through
2010 years. Land use patterns were compared to social-
economical changes in the country: the collapse of the
Soviet Union and the transition to a free-market economy of
independent Ukraine. The mapping of cropland, grassland,
forest, and urban classes of land use was made for 5 periods
of different regimes by referring to 1986, 1993, 1999, 2006,
and 2010 years. The study required an adequate data set
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for one time period and the monitoring of land management
changes required multitemporal data sets from different
years for the same study site. Stedanski, et al (2014) [8]
used the Landsat data for the research, even defined
problems regarding the repetition rate of typical systems like
Landsat and the problem of cloud cover, where the
generation of adequate multitemporal data sets can be
challenging. The study also rejected using of other sources
for the research purpose which are inadequate in capturing
land use and cover changes at fine scales, even there are
data with higher temporal coverage and wide swath, such
as MODIS and MERIS. The Random Forest classifier
(Breiman, 2001) [8] was used for the classification of the
images. This study represents classical land use change
mapping of major types of land activities.

There were conducted also specific studies on someone
type of land activity, but also mainly for the same Wester
Ukraine. However, because of the huge social interest in
some planning issues in the northern part of Ukraine, there
are some study regards detecting illegal land use activities
by using remote sensing data. Hnatushenko, et al (2017) [3]
presented the study on detecting illegal extraction of amber
in Ukraine. Landsat-7 and Landsat-8 datasets were used
during the change detection between 2002 and 2015 years.
Forest cuts and remained soaked deep pits in the soil
became a major detection marker for illegal extraction of raw
amber. Principal component analysis of multispectral
satellite images, threshold binarization of the differential
image, morphological filtering if the binary image,
vectorization, and calculation of geometrical characteristics
were performed for detecting and visualization of the
changes on a map. It allowed us to detect and classify
extracting sites into two categories: new and old. Anyway,
even this study was not based on forest detection, it defined
forest complete cuts without regenerations, and classified
areas by new/old activities.

Most of the forest-related studies were made for the
Carpathian mountain region. Kuemmerle, et al (2007) [5]
researched post-socialist forest disturbance in the
Carpathian border region in Western Ukraine. The
disturbance index, based on Tasseled cap indices, was
used for change analysis of forest within the study area for
1977, 1979, 1988, 1994, and 2000 years. Landsat images
from 1986-1988 were used to separate the forest from the
non-forest. The study was challenged with imagery from
autumn due to mixed class detection of broad-leaved forests
and meadows but fixed this problem by using unsupervised
iterative self-organizing data analysis. Water pixels were
masked out using thresholds for the near and mid-infrared
bands. All patches below a threshold of 30 pixels were
labeled as non-forest with the purpose to exclude small
areas that are functionally not a forest. The 1977 and 1979
imagery were used in the case to determine if forest
openings were clear-cuts or permanent opening. The
forest/non-forest map was analyzed for presenting all non-
forest patches that were within larger forest patches. Based
on ground-truth and visual assessment, patches less than
1000 pixels were claimed as forest patches. The disturbance
index was calculated for each year and composed image,
represented by stacked individual bands into one, was used
to identify 'unchanged forest', 'disturbance 2000-1995',
'disturbance 1994-1989', and 'disturbance before 1988
Anyway, that study did not answer the question of the
regeneration of forests or the nature of disturbances.

During the following years, the study by Kuemmerle, et
al (2009) [4] presented not just forest cover change, but also

illegal logging in the Ukrainian Carpathians in the transition
period from 1988 to 2007. Forest cover change mapping
was conducted by using support vector machines based on
fitting a separating linear hyperplane between two classes
in the multidimensional feature space. The Support vector
machines were used to delineate forest/non-forest maps for
each of the four periods and assessed forest cover changes
via post-classification map comparison, by using the
software image SVM. All of the maps were mosaicked for
further deriving of a forest change map. Additional to time-
period classification of disturbance or post-disturbance
regeneration, the research defined level (complete or near-
complete removal) and type (by anthropogenic processes or
natural events) of forest cover changes. The threshold of
7 pixels was chosen for determining non-forest trees
because the smallest forest management unit in Ukraine is
0,5 ha. Misclassifications issues in the study also were
related to large non-forest areas surrounded by forest above
the timberline and narrow disturbances along rivers, which
were assigned as permanent non-forest. In addition to
classical accuracy assessment of the individual
classifications, the researchers conducted a validation of the
detectability of disturbances. In the case of the research,
difficult methods of classification and change detection were
used due to the complexity and scale of the study area.

Another approach of change detection in forests was
presented by Mancino, et al (2014) [6] that used NDVI
differencing to detect vegetation change for assessing
natural forest expansion in southern ltaly. Firstly, NDVI was
calculated for each image by the general normalized
difference between band 4 (near-infrared) and band 3
(visible red) from Landsat TM pre-processed images. The
resulting images were subtracted to assess the dNDVI with
positive and negative changes. The dNDVI image was also
tested to determine fit to a normal distribution. The
difference image dNDVI was reclassified using a threshold
value for identifying three ranges in the normal distribution.
This study considered only the positive variation in forest
cover defined as the area of probable natural forest
expansion, but it can be used for all three categories
detected by dNDVI.

Methodology. The most efficient, in case of availability
and cost-efficiency, source of remote sensing data for the
project was to use USGS Landsat imagery. For the research
time frames of 1990-2020 is best to use Landsat 5 TM from
1989 through 2011, and Landsat 8 OLI from 2013 through
2020. The month of June is the most appropriate due to
strong vegetation in forest and still not high vegetation of
crops, which can help better separate each from others.

There were two images from Landsat 5 that contains
the study area: path 179/ row 25 (full extend); and path
180/ row 24 (partly, without very south small part of the
community). Both images can be used, as the forest zone
detected only within the northern part of the community
and there are only agricultural lands within that excluded
part of the second image. There are from 2 to 3 images
available for June each year, and only 2 images per year
with cloud cover less than 10 %. Depends on the year,
image from late May (after 20 th of May) and early July
(before 10th of July) can be used as a third image.

There are three images from Landsat 8 that contains the
study area (Fig. 2): path 180/ row 24; path 179/ row 25; and
path 180/ raw 25 (not valid for 2013). There are from 5 to 6
images available for June each year, and only 2 images per
year with cloud cover less than 10 %. Cloud cover will be
evaluated for both Landsat 4 and 8 during data collection
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and decided if some additional images from May or July are
needed due to the level of cloud cover of the study area.

The following periods were chosen as the period for time
analysis of forest change within the region: 1990, 1995,
2000, 2005, 2010, 2015, and 2020. The Landsat 5, 7, and 8
has been chosen for data sources in this project, instead of
proposed previously only two of them — Landsat 4 and
Landsat 8. Such a decision has been made after exploring
the images from Landsat 5 for periods of 2000, 2005, and
2010. June was projected the main month of a year for the
images with the possibility to take reliable data from May
25th through July 5th. After exploring data quality for the
whole period of 2000 was determined that there are no data
for the study area with cloud cover lower than 83 % within
Landsat 5 datasets. After looking for Landsat 5 datasets for
the same period in 2005 and 2010, it has been observed a
high cloud cover level for the study area: more than 40 %
scene cloud cover with a high density of clouds in the study
area. Using Landsat 7 images for those periods of 2000,
2005, and 2010 is the most efficient way to solve the problem
of the image's quality, due to the low cloud cover level.

Change detection in land use during the analysis period
has been analyzed using the NDVI differencing technique.
First, NDVI was calculated following the general
normalized difference between near-infrared (B4) NIR and
visible red band (B3) Red from Landsat 5/7 images and
between near-infrared (B5) and visible red band (B4) from
Landsat 5/7 images:

NDVI = NIR —Red / NIR + Red

NDVI results have been used for mapping forest
(values between 0,7-0,87 depends on the year and type of
sensors used). Two ways of determining changes have
been used during the project. Firstly, two different period
forest maps have been compared due to detecting new
forested areas and harvested areas, as a difference
between two pixels of forest and non-forest value.
Secondly, the difference between NDVI from two years
helped to determine forest change: dNDVI = NDVI (1995)
— NDVI (1990), etc. During combining few dNDVI we would

be able to see continuous patterns in foresting: negative
dNDVI determines deforestation, positive dNDVI -
regenerating process, and continuous negative dNDVI
values — inefficient forest harvesting.

Preprocessing. The study area located within three
possible image positions in used Landsat datasets: 1) path
179 row 25; 2) path 180 row 24; and 3) path 180 row 25.
The study area is fully presented within path 179 row 25 on
each of the datasets, as well as also fully presented within
path 180 row 24 on Landsat 8 dataset. In the same time,
path 180 row 25 covering the northern part of the study area
for each dataset, and path 180 row 24 covering the southern
part of the study area for Landsat 5 and Landsat 7; but none
of them covering the south-east part of the study area, which
is fully covered by agricultural lands. Several images from
one time period have been used due to the low quality of
basic image path/row: 1) path 180 row 24 is a basic image
with the south part, 2) path 180 row 25 is an additional
image with the northern part, and 3) low qualitative path 179
row 25 is the additional image with the south-east part.

For instance, the dataset of 3 images for 1990 has been
chosen because of the high cloud level within the exact
study area, and a low-quality image from path 179 row 25
has been used as additional because path 180 did not cover
the south-east part of the study area. Different reasons for
using path 179 row 25 image as third presented in the 2005
dataset, because there are images from path 180 with good
quality dated within the planned time frames, but they are
not covering the south-east part. That gup has been filled by
adding an image from path 179 row 25 dated by May 22nd,
as that area is not covered by forest and would not make a
big impact on classification.

Twelve Landsat 5, 7, and 8 images have been used for
the project because of exploring the datasets and
determining reliable data for the analysis during each period
needed for the research. All the images have a 30-meter
resolution for near-infrared and red bands, which is needed
for the project NDVI calculations. The project data has been
downloaded from the USGS (see tab. 1).

Table 1. Datasets inventory

Year/period Satellite Date Path | Row Cloud cover Filename [downloaded from 9]
22-JUN-90 | 179 |25 | 16 LT05_L1TP_179025_19900622_20170130 01 _T1
1990 24 | 2 LT05_L1TP_180024_19900629_20170130 01 _T1
Landsat5 | 29-JUN-90 | 180 17— LT05_L1TP_180025_19900629_20170129_01_T1
1995 04-JUN-95 | 179 |25 |2 LT05_L1TP_179025_19950604_ 20170109 01 _T1
2000 25JUN-00 | 179 |25 |9 LE07 L1TP_179025_20000625_20170211_01_T1
Landsat7 | 22-MAY-05 [ 179 [ 25 |1 LE07 L1TP_179025_20050522 20170114 01 T1
2005 JomAY.05 | 180 1240 LE07 L1TP_180024_20050529 20170114 01 T1
25 |0 LE07 L1TP_180025_20050529 20170115 01 T1
2010 Landsat5 | 13-JUN-10 | 179 | 25 |0 LT05 L1TP_179025 20100613 20161015 01 _T1
2015 Landsatg | 02-JUN-15_| 180 | 24 | 18.36 LC08_L1TP_180024_20150602_20170408 01 _T1
2020 06-JUN-20 | 179 | 25 | 10.25 LC08_L1TP_179025_20200608_ 20200625 01 _T1

First of all, all distributed *.tiff images with band's data
using the metadata information has been calibrated to
radiance data by using the ENVI Landsat calibration tool
and then stacked together. Layer Staking has been
processed after that for each dataset with the following
parameters: datum WGS84, UTM zone 36 N, 30 x 30 pixel,
nearest neighbor resampling method. All 6 Multi-spectral
bands for Landsat 5, Landsat 7, and Landsat 8 have been
processed in the ENVI.

Secondly, atmospheric correction using the ENVI
FLAASH has been made for all stacked images. BIL files,
converted from BSQ stacked previously images, have been

used for the FLAASH tool. The correction has been made
with the image's flight date and time from metadata,
elevation, latitude, and longitude of the center of the scene
of each image and the following parameters: 10 scale factor,
30x30 m pixel size, Mid-Latitude Summer, Rural
atmospheric model, 2-Band (K-T) for each Landsat type.

Thirdly, Seamless Mosaicking used for combining
images for 1990 (3 images), and 2005 (3 images). After that,
the raster files were clipped in ENVI by shapefile of the study
area and transformed into WGS84 UTM 36 N.

Data analysis. NDVI has been calculated for each
period images by using Near Infrared and Red bands:
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Band 4 and Band 3 for Landsat 5\7, and Band 5 and Band 4
for Landsat 8. NDVI, calculated for Landsat 8, has been
multiplied on the value of the correlation coefficient — 0.906
(Roy et al., 2016) [7]. Forest fractions were determined by
NDVI low (V1) and high (V2) values as following: 0.79 — 0.87
for Landsat 5 TM, 0.71 — 0.86 for Landsat 7 ETM, and 0.79
—0.86 for Landsat 8 OLI.

Based on NDVI images, classification by using decision
tree has been processed: all values higher than V1, and then
lower than V2 has been classified as a forest with value 1;
all values out of that range have been classified as non-
forest with value 0. There is some difference between V1
and V2 values for different Landsat images, based on
detected areas. The value of V2 has been decreased for
0.01 for Landsat 7 and Landsat 8 images because it helped
to exclude big areas of crops. The value for V1 has been
decreased for 0.08 for Landsat 7 because it allowed detecting
forest areas from previous years. There is some difference
between Landsat 5 and Landsat 7 NDVI values, not just
because the visual result of applied V1=0.79 was highly
different from previous periods, but also, because of the
difference in NDVI mean values for Landsat 7 images which
is lower on 0.10 — 0.11 compared to Landsat 5 images.

Classification of the forest areas with described
previously NDVI values also detected some crop fields with
NDV values of 0.81 — 0.84 for Landsat 5 and Landsat 8, and
0.78 — 0.81 for Landsat 7 images. The suggestion, that
images from the early Spring can be used better than June's
images, has been tested using an image from April 3rd,
1990 (LTO5_L1TP_179025_19900403_20180218_01_TH1).
The test comparing two classifications of images from June
and April showed that there are no significant differences,
moreover, image from April with lower NDVI values for the
forest, also can cover more areas of crop fields. There are
was also a suggestion of using winter images for forest
detection, but all images from January to April for the study
area have a cloud cover of 100%. Nonetheless, images with
snow cover will not allow detecting broadleaf forests in the
southern part of the study area, which is mainly represented
by windbreak forest and fruit gardens. Moreover, the snow
cover is usually gone at the end of March — beginning of April
for those areas. At the same time, both classifications, June
and April images, were visually good for detecting
coniferous forest in the northern part of the study area. That
is why masking out crop fields has been chosen as a method
of excluding crops from forest classification. Mask shapefile
has been created by overlying classification raster with
Google imagery and making crop polygons for those areas,
which are visually within crop fields. Such overlay has been
made for each period image and all polygons have been
combined. The combined mask shapefile has been used for
masking out areas with value 1 and changing them to value
0 in classification raster.

The first method of detecting deforestation processes
is based on comparing two periods of classification maps.
Band math (B2-B1) has been used for creating a new
image with 3 classes: "no changes", "reforestation",
"deforestation”. Because each classification has 0 and 1
values, we expected to have 3 different results after
operation of deducting from the newest image older:
-1 — deforestation; 0 — no changes; +1 — reforestation.

Because, the previous method is just comparing
classification outputs and taking into account only pixels'
values created through classification, the second method of
detecting deforestation processes has been applied.
Changes in NDVI values can show a rapid and high decline

in NDVI value for each analyzed pixel. First of all, the dNDVI
images have been created for each period:
dNDVI(1995)=NDVI(1995)-NDVI(1990), etc. Because all
values of NDVI are between 0 and 1, all output dNDVI
values can be in the range between -1 and +1.

During the next step, a decision tree has been used for
the classification of dNDVI, as the second method of
deforestation detection. Because of the previous
appearance of -1 value, this time we looked to values lower
than -0.2, which would mean that NDVI has been
decreased a lot between two comparable years. All dNDVI
lower than -0.2 got a value of 5, and all dNDVI higher than
0.2 got a value of 3. Because, the dNDV!I also covering all
crops in the study area and all values with change lower
than -0.2 also can be a decrease of NDVI value in crops,
forest classification for the newest year has been taken as
a base map of forest areas. For detecting cuts within the
forest areas we deducted forest classification (Forest) with
0 or 1 values from dNDVI changes classification:
Deforestation(1995)=dNDVI_1995vs1990-Forest(1995) etc.
As a result, the new values were obtained: 2 — no changes
within a forest, 3 — no changes outside forest areas, 4 — a
decline of NDVI outside forest areas, and 5 — deforestation.

Accuracy assessment. Classified forest images have
been assessed by using generated random samples and
compared with images from Google Earth Pro time-series.
The total sample size was chosen as proportional to
0.025 %, which is 117 pixels: 10 pixels with forest, and 107
with non-forest. The method of determining producer and
user accuracy has been applied. The overall accuracy for
the dataset is 94-95 % for Landsat 7, 95-97 % for Landas
8, and 98-99% for Landsat 5 images. Classified
deforestation areas have been assessed by using
generated random samples and compared with images from
Google Earth Pro time-series. The total sample size was
chosen as disproportional 100 pixels: 50 pixels with cuts,
and 50 pixels without cuts. The assessment has shown that
there are no shreds of evidence when non-cuts areas were
classified as cuts, but there are 10-17 % of cuts pixels,
which are non-harvested areas. The overall accuracy for
dNDVI based classification is in the range of 90-97 %
depends on the images compared.

Results and Discussion. According to forest
classification, there is a trend on increasing forest cover
within the study area from 1990 through 2020 (fig. 1), with
two peaks in 1995 and 2015: from the lower 16.15 % to
23.15 %, which is within typical for East European forest-
steppe ecoregion range of 10-25 %. Moreover, the forest
cover of the study area was higher than the country
average 15,9 % [2] throughout the whole period from 1990
to 2020 and was lower than the regional average only in
2000 and 2005. Based on the analyses performed, the
forest shares compared to the territory of the study area
can be presented as follows: 1990 — 17.76 %, 1995 —
21.65 %, 2000 — 16.15 %, 2005 - 17.22 %, 2010 — 18.7 %,
2015 - 23.15 %, 2020 — 20.22 %.

Detecting deforestation via forest classification change
provided comparing only classification differences, and
show that all harvesting values are overrated. Anyway, that
method is also allowed to define reforestation areas, which
are higher than in harvested areas. The highest level of
deforestation also was detected for 2000 vs. 1995 period by
using this method. This period is represented by the
economical decline in the country, as well as the decline in
the timber industry.
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The study hromada (the Korvyntsi
amalgamated territorial community)
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Fig.1. Forest classification for the 2020 year

Detecting cuts via a change in NDVI provided more
reliable results. The deforestation rate is under 1.3 % range
of cuts during the whole period, except 2000—2005 when it
was about 3 %, while the previous 2000-1995 period has
zero range of harvesting. It can be explained by the
economic decline during 1995-2000 and economic boom
after 2000 when the timber industry also increased
production. This method also shows an increase in
harvesting after 2015. Nonetheless, there are some missed
values of forest areas, if the deforestation areas and areas
with no change in a forest can be counted for calculation
next period forest cover. It might be due to a loss in dNDVI
values between 0 and -0.2.

Detected cuts polygons by using the second method,
also allowed to visualize those areas. Mostly, harvested
areas are located within the coniferous forest zone on the
north of the study area, and those areas are designated for
harvesting and foresting in cycles. There are also some cuts
within the south of the study area and mostly related to

harvesting old windbreak forests due to power lines and gas
pipelines, or to private decisions on private gardens.

The differences in forest cover share in land can tell
that there is some missed forest due to the classification
method, or both missed forest and captured crops. Using
mapped all crop fields, as a mask, can be a solution for
excluding that land use type from the classification
because they have the same range of NDVI as a forest.
Moreover, comparing early April and June data shown that
there are still can be areas with the same NDVI values as
forest. Because, crop fields are immutable, making one
shapefile based on 10-m Google images from 2020 can be
a real and useful solution for future research.

Accuracy assessment also could be improved.
Currently, due to the low share of forest vs. Non-forest areas
and cuts vs. Non-harvested areas, using 100 pixels for forest
and cuts will result in 1086 pixels of non-forest class, and
33016 pixels of non-harvested areas.
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Fig. 2. Detecting deforestation areas based on dNDVI classification

Remote sensing can and must be used by local
authorities, activists, citizen scientists, NGO's, etc.,
especially in case of improving local governance. The
latest valuable data could be urgently obtained and
processed for decision making. The forest detection is only
one example for land cover change detection and
determining land-use patterns. Open data from the USGS
and Landsat data has a high resolution of 30x30 meters in
case of using red and near-infrared, so there are a lot of
possibilities for applied studies on land cover detection.
The long history of satellite operating by the Landsat

program provides data for historical analysis with minimal
losses in data correction for different types of sensors.
Moreover, such analysis might be processed via free tools
of Google EarthEngine with similar results. The study could
conclude a huge potential of remote sensing for usage in
regional, urban, rural, and community planning purposes.
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B. MaH4eHko, acn.
KuviBcbkui HalioHansHUI yHiBepcuTeT imeHi Tapaca LUeBuyeHka, KuiB, YkpaiHa

BU3HAYEHHA 3MIH 3EMJIEKOPUCTYBAHHSA B KOHTEKCTI OB’€HAHUX TEPUTOPIAJIIbHUX FrPOMA[:
MPUKNAL BUKOPUCTAHHA BIOAANIEHOIO CNMOCTEPEXEHHS
AnA BUBHAYEHHA NICUCTOCTI TEPUTOPII TA 1l 3MIH

HocnidxeHHs cnpsimoeaHe Ha 3acmocyeaHHs1 Memodie 8i00aseHo020 CroCMepPEXeHHsI 3 MEMOIO 8USIBNIEHHSI 3MiH y 3eMsleKopucmyeaHHi npu
docidKeHHsIX 2poMad — HOBUX mepumopianbHUX o0UHUUb 8 YKpaiHi. 3acmocoeaHo npuknad eusiesieHHs1 ma knacudgikayii nicie 3a donomozaoro
306paxeHb cynymuukie Landsat. [locnidxyeaHuli palioH npedcmaeneHuli mexamu KoposuHcbKoi cinbcbkol 06'e0HaHOi mepumopianbHoi 2pomadu
Cymcbkoi o6nacmi. Knacudpikayisi nicie i eusieneHHs eupy6ku nicie nposodunacsi 3a 0aHUMU 3HiMKie nepiodamu n'ame pokie i3 1990 no 2020 p.

Ans docnidxeHHsi esukopucmosyeanucek OaHi Landsat 5, 7 ma 8 Meonoziynoi cnyx6u CLUA (USGS). Kinbkicmb i dama eukopucmaHux 3HiMKie
3anexanu eid ixHboi ssKocmi, afe 8 o.cHo8HOMYy damyrombCsi OPY20H0 MOSIO8UHOKO MPA8HS — MOYaMKOM NUnHs 8idnoeidHux pokie. Habip i3 11 3aza-
NbHUX 3HiMKie 06po6ieHo e cepedoeuwii Onsa eisyanizayii cynymHukoeux 3HiMkie Harris Geospatial Solutions (ENVI). faHi 6ynu eidkani6poeaHi 3a
donomozor iHcmpymeHmy kaniépyeaHHsi ENVI Landsat. AmmocgbepHy Kopekuito 3acmocoeaHo 3a doromozotro iHcmpymeHma ENVI FLAASH; 6e3-
woeHe Mo3aiyHe 306pakeHHs1 UKOpUCMO8yeasliocsi Mpomsi2om desikux nepiodie i3 Kinbkoma Heo6xiOHUMU 3HIMKaMu.

HopmanizoeaHnuti dugpepenuyitiHuli eeezemauyiliHuli indekc (NDVI) € ocHoeoro Ansi knacudpikayii nicucmocmi. lNMopieHsiHHsI daHux eiddaneHo20
crnocmepexxeHHs1 pi3HUX PokKie ma pi3Hux cynymHukie Landsat do3eonuno He nuwe 8u3Ha4YyumMu PocaUHHULU mun jicy, a i eusieumu 3MiHU 3emMesib-
HO20 nokpuey. BusieneHHs 3MiH 6yno npoaHanizoeaHo deoma criocobamu. Mepwuli Memod 6a3yeaecsi Ha 3mMiHi cmamycy knacugikayii, Opyauli — Ha
pi3Huyi 3HayeHb NDVI, modi sik knacudpikauyis nicie 3acmocoeyeanacs 05151 MacKyeaHHs1 Heslicogux mepumopid.

Y uybomy npuknadHomy docnidxeHHi 6yn0 3acmocoeaHoO WIIsIXu eKOHOMIYHO egheKmueHuUx AocnidXeHb UKOPUCMaHHS 3eMeslb Oslsl Micyeeux
2pomad. Lji Memodu MoxXyme 6ymu eukopucmaHi HeypsidoeuMu op2aHi3ayissmu, Micyuesumu akmusicmamu, YueilbHUMU HayKosysiMu, Micyesumu
opzaHamu esnladu 0nsi 8 00CKOHasIeHHS ynpaeJsliHHs 3eMIeKopucmyeaHHs1 3 UKOPUCMaHHAM Haliceixiwux daHux ma eusiesieHHs1 npobnem nicie. Tum
He MeHwe, 8UsI8IIEHHS1 3MIHU 3eMeJIbHO20 MOoKpusy He 06MeXyembCsl luwe J1ico8UM MOKpUoM, npedcmassieHUM y 0ocClioKeHHi. Y eunadky knacu-
cbikyeaHHs nicucmocmi, 306paxeHHs1 Landsat i3 pi3Hux cynymHukie MoxHa nopieHroeamu ma npedcmasumu icmopuyHi 0aHi Onsi cinbcbKux paiio-
Hi8, sIKi 8 MUHYTIOMY cCmaHoeuslu HU3bKUU HayKkoeul iHmepec, ane Hapa3i iHmepec Ao Hux 3pic yHacnidok admiHicmpamueHoi peghpopmu e YkpaiHi ma
nepexody ynpaeniHCbKuX piuweHb Ha Micyeauli pieeHb.

Knroyoei cnoea: eiddaneHe cnocmepexeHHsi, OucmaHuyiliHe 30HOy8aHHs, 3MiHU 3eM/IeKopucmyeaHHs, Jlicucmicms, cinbcbka epomada.

B. MaHuyeHko, acn.
KneBckuin HaumoHanbHbIW yHMBepcuteT uMeHu Tapaca LLleBuyeHko, Kues, YkpauHa

ONPEOENEHUE U3MEHEHUIA 3EMIIENONb30BAHUA
B KOHTEKCTE OB bEAUMHEHHbIX TEPPUTOPUAIbHbIX OBLLWUH: .
NPUMEP UCNOJIb3OBAHUA 33 ANA ONPEAENEHUA NECUCTOCTU TEPPUTOPUUN U EE UBMEHEHUW

HccnedoeaHue HanpaeneHo Ha npumeHeHue memodoe []33 ¢ yesnbio ebisierIeHUs1 U3MeHeHUl 8 3eM/1enosIb308aHUU MPU UCC1e008aHUSIX O6UUH
— HO8bIX MeppumopuanbHbix eOUHUY 8 YkpauHe. [[pumeHeH npumep 8bisieIeHUs U KlaccughuKkayuu s1ecoe ¢ MoMowbio u3obpaxeHull CrymHUKoe
Landsat. PecuoH uccnedoeaHusi npedcmassieH KoposuHckoli cenibckoli 06beduHeHHOU meppumopuanbHol obujuHol Cymckol o6nacmu. Knaccu-
gbukayusi necoe U ebisierieHus1 8bIPy6KU 1ecoe npoeodusnack no 0aHHbIM CHUMKO8 nepuodamu e 5 nem c 1990 no 2020 a.

Ans uccnedoesanus ucnonb3osanuck 0aHHble Landsat 5, 7 u 8 Neonozauyveckoli cnyx6bl CLUA (USGS). Konuyecmeo u dama ucrnosib308aHHbIX
CHUMKO8 3asucesiu om ux ka4ecmea, Ho 8 OCHO8HOM damupyromcsi emopoli MosI08uUHOU Masi — Havyana utosisi coomeemcmeayrowux sem. Habop u3
11-mu obuwjux cHUMKoe obpabomaHo e cpede Ol 8usyanu3layuu crnymHuKoebix cHuMkoe Harris Geospatial Solutions (ENVI). JaHHble 6bi1u omka-
nu6poeaHbl ¢ MOMOWbi0 UHCMpyMeHma kanubpoeku ENVI Landsat. AmmocghepHasi KOppeKyusi NPUMeHsiIacb ¢ NMoMouwibio uHcmpymeHma ENVI
FLAASH; 6ecuwiogHoe Mo3au4yHoe u3obpaxeHue Ucrnosib308as0ck O/1s1 HEKOMOPbIX Mepuodoe8 ¢ HECKOJILKUMU He06X0OUMbIMU CHUMKaMU.

HopmanusoeaHHbIl dughghepeHyuansHbIl se2emayuoHHbIl uHdekc (NDVI) senssemcsi ocHoeol Ansi knaccugbukayuu necoe. CpagHeHuUe OaHHbIX
A33 pa3Hbix nem u pa3Hbix criymHukos Landsat no3eosniusio He mosibko onpedesiume pacmumesibHbIl mun sieca, Ho U 8bisieUMb USMEHEHUs1 3eMe-
JIbHO20 MOoKpoea. BeisieneHue usmeHeHul 6bi1u NpoaHanu3upoeaHbl d8yMsi cnocobamu. lepesbili 6asupoearsicsi Ha U3MeHeHUU cmamyca kKnaccudgu-
Kayuu, emopoli — Ha pa3Huye 3HayeHuli NDVI, mozada kak knaccugpukayusi iecoe npumeHsiniacb 011 MacKupo8KU HesleCHbIX meppumopud.

B amowm npuknadHom uccrnedoeaHuu ucnosib308asuch Mymu 3KOHOMUYecKU 3¢hgheKmueHbIx uccredo8aHuli U3MeHeHUsI 3eM1ernosib308aHusi Onsi
MecmHbIX 06WuH. 3Mmu MemoOdbl Mo2ym 6bimb UCMO/b308aHbl HEeMpasumesbCMeeHHbIMU Op2aHuU3ayusiMu, MECMHbLIMU aKmuaucmamu, 2paxoaH-
CKUMU y4eHbIMU, MECMHbLIMU Op2aHaMu 8/1acmu o cO8epueHCMB80oB8aHUI0 yrpaesieHusl 3eM/1enosib308aHUEeM C UCM0/Ib308aHUEM CaMbIX CE8EeXUX
OaHHbIX U 8bisiesieHuUs1 Npobriem niecos. TeM He MeHee, 8bisie/IeHUe U3MEeHeHUsI 3eMeJTIbHO20 MoKPoea He 02paHU4Yu8aemcsi JIECHbIM MOKPOB8OM, rpeos-
cmaenieHHbIM 8 ucciiedosaHuu. B cnyyae knaccugpukayuu necucmocmu, uzobpaxeHusi Landsat ¢ pasHbIx ciymHUKO8 MOXHO cpagHuUeams U rpeo-
cmaeumb ucmopu4eckue 0aHHble 01151 ceslbCKUX palioHO8, KOmopbie 8 MPOoWJ/IoM UMeNU HU3KUl Hay4HbIl UHMepec, HO MoKa UHMepec K HUM 803POC
8 pe3ysibmame aOMuHucmpamueHol peghopmbi 8 YKpauHe u nepexoda ynpassieH4ecKux peweHuli Ha MECMHbIU ypPO8eHb.

Knroyeenie crnoea: ducmaHyuoHHoe 30HOUPOBaHuUe, U3MEHEHUsT 3eMJ1eros1b308aHuUsl, IeCUCMOCMb, CeslbCKasi O6WUHa.



