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Abstract. Monitoring is an important element for defining sustainable 
land cover management strategies. The monitoring technique proposed and 
developed in this work with integrated processing of remote sensing data 
has the potential to scale and optimize the interpretation of vegetation 
classes, making the analysis of the territory more detailed. This approach 
based on multiclass classification of composite images with data 
preprocessing based on Google Earth Engine (GEE) cloud platform. The 
article describes the characteristics and benefits of the uses cloud platform. 
Three regions, different in their characteristics and climatic features, were 
chosen as the study area: Voronezh Oblast, Republic of Tatarstan and Perm 
Krai. The objects of the study were the classes of forest vegetation, arable 
land and meadow vegetation. The article presents a step-by-step 
methodology for obtaining and processing Sentinel-2 satellite imagery 
data. The main steps of the methodology include obtaining a time series of 
satellite data and processing them, applying a vegetation index to satellite 
images, selecting reference data for validation, classifying objects using 
the random forests algorithm. An overview of WorldCover cartographic 
product from European Space Agency (ESA) and its advantages for use in 
working with geoinformation data is presented. The classification of target 
classes of vegetation in GEE cloud platform was carried out. The results of 
the study contain an analysis of a combination of normalized difference 
vegetation index (NDVI) for each studied class of vegetation. 
Implementation of the methodology is important for retrospective analysis 
and operational monitoring of vegetation cover classes. The method of 
multi-class segmentation of objects based on time series analysis will 
significantly improve the accuracy and speed of providing analytics to 
update information on land use. 

1 Introduction 
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Vegetation monitoring is the main component for sustainable management, forestry and 
nature management [1, 2]. 

Land cover degradation together with deforestation has a second place after fossil fuel 
combustion in terms of contribution to greenhouse gas emissions, which are a key factor in 
global climate change. Deforestation, forest degradation and peatland fires accounted for 
about 15% of global anthropogenic carbon dioxide (CO2) emissions between 1997 and 
2006. The drivers and intensity of degradation vary by region, but the effects of forest loss 
and degradation can be felt at all levels, from global climate change to the decline in the 
economic value of forest resources, biodiversity and threats to indigenous peoples. 

The impacts of degradation range from small-scale structural changes in vegetation 
cover and elevation to large-scale loss of biomass. These changes can occur at different 
spatial and temporal scales. For example, a degraded forest may have the same canopy as 
an intact forest, but contain less biomass, in some cases reduced by up to 75%. Different 
types of forests respond differently to change, with varying rates of recovery depending on 
location and type, intensity and degree of degradation. Thus, a single monitoring strategy 
may not be suitable for widespread use, an individual approach to a specific region is 
required. 

From a global perspective, the drivers of vegetation degradation vary across regions. 
The main factor of degradation in subtropical countries is intensive logging. Rapid 
economic and population growth, expansion of commercial agriculture and complacency 
regarding sustainable forestry practices are key contributing factors. Commercial demand 
for timber and intensive logging practices have led to a cycle of degradation with 
continuous loss of biomass and vegetation cover in island areas of Southeast Asia and Latin 
America. Overgrazing, fires, fuelwood collection and charcoal production have led to forest 
degradation in large parts of Africa. To assess global forest degradation, a map with a 
resolution of 1 km was created, which visually represents the spatial distribution of 
degraded forests and areas with potential for their restoration. Forest status was mapped by 
comparing current (mostly MODIS-derived) and potential (modeled) estimates of forest 
cover change. Data on forest conditions and land use were used to determine restoration 
opportunities on degraded lands. Derived maps provide a global overview and can help 
identify areas for more detailed analysis. 

Remote sensing refers to methods of obtaining data and information about a 
phenomenon or territory without direct contact with them [3, 4]. This is an alternative to 
on-site observation. Remote sensing methods are used in many areas, including geography, 
hydrology, ecology, meteorology, oceanography, glaciology, geology, as well as for 
military, intelligence, commercial, economic, planning and humanitarian purposes [5, 6]. 

Remote sensing technologies are based on satellite systems or aircraft and are able to 
detect and classify objects and characteristics of the earth system using propagated signals 
(for example, electromagnetic radiation) [7]. In recent years, the use of unmanned aerial 
vehicles (UAV) has become widespread due to data [8-10]. Today, digital satellite 
monitoring solutions are very important and are rapidly developing in the service sector in 
the innovation market [11, 12]. 

In addition, remote sensing is useful for collecting information and data in hazardous 
(such as during fires) or inaccessible areas. Specific examples of the use of remote sensing 
also related to climate change adaptation practices include:  

1. natural resource management;  
2. management of agricultural practices, such as those related to land use, land 

conservation and soil carbon storage;  
3. wildfires: actions in real-time decision support systems;  
4. monitoring land cover and its changes at multiple temporal and spatial scales, even 

after a natural disaster; 

5. better informed management of forests and water resources; 
6. estimating carbon stocks and associated dynamics; 
7. modeling climate dynamics; 
8. improving climate change forecasts. 
Geographic information systems and digital services using satellite technologies can be 

used to develop early warning and forecasting systems to reduce and manage climate-
related disaster risks. Remote sensing technology can also be useful in detecting damage 
after a natural disaster based on comparative analysis of pre- and post-disaster images. 

Satellite remote sensing, which provides information about the Earth's surface, 
subsurface and atmosphere, is an important part of monitoring the impacts of climate 
change on forests. The use of satellites allows observation of the states and processes of the 
atmosphere, land and ocean on several spatiotemporal scales. This is one of the most 
effective approaches to monitoring land cover and its changes. in time at different spatial 
scales. 

To regulate, streamline and standardize work with remote sensing data in the Russian 
Federation, a number of state standards were developed and government regulations were 
approved. Earth remote sensing (ERS) data is used in many sectors of the economy of the 
Russian Federation. At the same time, different categories of consumers, depending on their 
needs, are provided with different types of data obtained using ERS target equipment. 

Also, to regulate the procedure for interaction with data, a number of criteria were 
defined, including for state authorities, local self-government, as well as state and 
municipal budgetary, state and autonomous institutions and state and municipal unitary 
enterprises subordinate to them. Thus, in Decree of the Government of the Russian 
Federation No. 1087 of August 24, 2019 “On approval of the Regulations on the procedure 
and features of the provision of remote sensing data of the Earth from space received from 
spacecraft”, a classification was provided for data received from state and non-state 
spacecraft according to the magnitude of the spatial permissions (Table 1). 

Table 1. Classification of data received from government and non-government spacecraft by spatial 
resolution. 

Gradation of ERS data from space Spatial resolution value (meters) 
Ultra high less than 1 

High from 1 to 10 
Medium from 10 to 100 

Low from 100 to 1000 
Ultra low from 1000 

In the conditions of improvement and increasing labor intensity of technologies in the 
field of remote sensing, simultaneously with the increasing need to use the results of space 
activities in most areas of scientific and economic activity, a significant expansion of the 
circle of qualified consumers of space imagery data is required. Over a long period of 
existence, freely distributed remote sensing materials have proven their effectiveness and 
the possibility of widespread use to solve problems in various directions. 

Access to foreign satellite data is a step-by-step set of actions for searching, acquiring 
access rights, registering and obtaining necessary images. This time-consuming process 
requires a certain amount of time from the interested user. The availability of reliable 
satellite data covering large regions over long periods of time has gradually increased the 
role of remote sensing in environmental studies [13]. Today, there are separate services and 
platforms in the form of a cloud space for storing frequently used satellite imagery data 
(MODIS, Landsat, Sentinel, etc.). For our study, we chose GEE platform. 

For our study, we chose GEE computing platform, which has been gaining relevance in 
recent years. One of the features of GEE cloud platform is open access to images for any 
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period of time (starting from 1972) without restrictions associated with the need to 
download, organize, store and process the information received. This advantage allows 
monitoring the dynamics of the study area or applying various indices to images. GEE is an 
opportunity not only operational processing, but also to use computing power to process 
large amounts of data. With easy access to run classification algorithms on large open 
source datasets, GEE provides a rich learning experience for geoprocessing. Time series 
data in GEE is represented as a series of images called “collections”. Time series analysis 
in GEE differs from time series modeling using traditional methods.  

The novelty of the ongoing research lies in the improvement of the methodology for 
creating composites for recognizing target classes of spatial objects. In order to improve the 
accuracy and speed of monitoring, the work is aimed at minimizing the limitation of 
cloudiness and the complexity of interpreting the results. 

From the point of view of the application of a cloud computing platform, our research is 
aimed at combining data in order to determine the temporal relations between elements of a 
collection and the creation of functions. This reduces significant time to get results. In order 
to achieve such progress, it is necessary to develop strategies and plans, justify normative 
measurements and create an effective vegetation monitoring system using modern ERS 
tools. An important aspect of this work is the development of national strategies and long-
term forestry strategies that take into account adaptation to such changes. Developed 
guidelines on sustainable forest management, criteria and indicators of progress are 
required. A possible way to develop new methods and improve existing methods is also to 
promote forestry research activities. 

2 Materials and methods  
The data of the Sentinel-2 satellite imagery with a resolution of 10 m were used as 
materials for the study. Compared to other satellite data (AVHRR, MODIS and Landsat), 
having two satellites in the mission allows Sentinel to re-survey every 5 days. The data set 
for the work included satellite images for each month during the entire growing season. 

The aim of the work was to improve the methodology for monitoring anthropogenic and 
natural changes in vegetation based on the analysis of composite images and multiclass 
classification on the example of the territories of three target regions. 

The complex research methodology included the following steps: 
1. Choice of research area; 
2. Selection of satellite imagery data for the growing season; 
3. Pre-processing of satellite images; 
4. Selection of vegetation index of vegetation and application to satellite images; 
5. Multiclass segmentation of satellite images using the random forest algorithm. 

2.1 Area of study 

The object of the study were three pilot regions: Voronezh Oblast, Republic of Tatarstan 
and Perm Krai. The choice of territories was based on the scaling of the resulting data and 
research projects of the InnoGeoTech LLC company to monitor land use. In addition, all 
regions are different in their climatic conditions and territorial location. 

Voronezh Oblast is located in the center of the European part of Russia, includes high 
and low areas with a low percentage of forest cover (11%). This area is located in the 
temperate climate zone. 

Republic of Tatarstan occupies the east of the East European Plain with an average 
percentage of the territory occupied by forests (about 20%). It is characterized by a 
temperate continental type of climate in the middle latitudes. 

The territory of Perm Krai is located in the zone of dark coniferous taiga, it is 
characterized by a huge forest cover of about 70% and is located in the eastern part of the 
European part of Russia. The climate of the region is formed under the influence of the 
western transfer of air masses. 

2.2 Selection of satellite imagery data for the growing season 

Time series analysis is one of the most common operations in remote sensing. This helps 
understand and model seasonal patterns and monitor changes in land cover. 

Time series analysis is one of the most common operations in remote sensing. This 
helps understand and model seasonal patterns and monitor changes in land cover. 

A time series is a sequence of values of some variable (or variables) recorded at certain 
intervals (regular or irregular). When there is only one observed variable, the time series is 
called univariate. In the case of several parallel observed variables, we speak of a 
multivariate time series. In our study we will consider only one-dimensional series. 

One of the features of Earth Engine is the ability to access decades of imagery without 
the previous limitations of downloading, organizing, storing and processing this 
information. Time series data in Earth Engine is represented as a series of images called 
“image collections.” From a programming perspective, in our study, we combined data to 
determine the temporal relationships between collection items and create functions to 
reduce this time. 

2.3 Pre-processing of satellite image 

Preprocessing of satellite images included atmospheric and radiometric correction to 
eliminate cloudiness and remove radiometric distortions. 

2.4 Selection of the vegetation index of vegetation and application to satellite 
images 

To track vegetation activity, NDVI was chosen. This is a fairly well-known metric for 
measuring vegetation productivity, calculated using the following formula (1): 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 = NIR−Red
NIR+Red, 

where NIR is the near infrared light; Red is the visible red light. 
When using this vegetation index, it is expected that the selected regions will exhibit 

strong seasonality and possibly a gradual linear trend over time. This vegetation index was 
chosen, among other things, because of its simplicity in calculations and interpretation of 
results. As is known, NDVI is a normalized index and its values range from 0 to 1. Pixels 
close to 1 are interpreted as healthy vegetation, and objects with values around 0 are 
processes and phenomena that relate to inanimate nature, including aquatic objects and 
clouds. 

As a final result, it is necessary to obtain a multi-temporal composite image based on 
NDVI vegetation index. In Earth Engine, a function for this is written to calculate the 
proposed index, then applied to a collection of images and added to the array. Composite 
generation refers to the process of combining spatially overlapping images into a single 
image based on an aggregation function. Mosaicing refers to the process of spatially 
assembling image data sets to create a spatially continuous image. In Earth Engine, these 

4

BIO Web of Conferences 116, 01003 (2024)	 https://doi.org/10.1051/bioconf/202411601003
EBWFF 2024

RETRACTED



period of time (starting from 1972) without restrictions associated with the need to 
download, organize, store and process the information received. This advantage allows 
monitoring the dynamics of the study area or applying various indices to images. GEE is an 
opportunity not only operational processing, but also to use computing power to process 
large amounts of data. With easy access to run classification algorithms on large open 
source datasets, GEE provides a rich learning experience for geoprocessing. Time series 
data in GEE is represented as a series of images called “collections”. Time series analysis 
in GEE differs from time series modeling using traditional methods.  

The novelty of the ongoing research lies in the improvement of the methodology for 
creating composites for recognizing target classes of spatial objects. In order to improve the 
accuracy and speed of monitoring, the work is aimed at minimizing the limitation of 
cloudiness and the complexity of interpreting the results. 

From the point of view of the application of a cloud computing platform, our research is 
aimed at combining data in order to determine the temporal relations between elements of a 
collection and the creation of functions. This reduces significant time to get results. In order 
to achieve such progress, it is necessary to develop strategies and plans, justify normative 
measurements and create an effective vegetation monitoring system using modern ERS 
tools. An important aspect of this work is the development of national strategies and long-
term forestry strategies that take into account adaptation to such changes. Developed 
guidelines on sustainable forest management, criteria and indicators of progress are 
required. A possible way to develop new methods and improve existing methods is also to 
promote forestry research activities. 

2 Materials and methods  
The data of the Sentinel-2 satellite imagery with a resolution of 10 m were used as 
materials for the study. Compared to other satellite data (AVHRR, MODIS and Landsat), 
having two satellites in the mission allows Sentinel to re-survey every 5 days. The data set 
for the work included satellite images for each month during the entire growing season. 

The aim of the work was to improve the methodology for monitoring anthropogenic and 
natural changes in vegetation based on the analysis of composite images and multiclass 
classification on the example of the territories of three target regions. 

The complex research methodology included the following steps: 
1. Choice of research area; 
2. Selection of satellite imagery data for the growing season; 
3. Pre-processing of satellite images; 
4. Selection of vegetation index of vegetation and application to satellite images; 
5. Multiclass segmentation of satellite images using the random forest algorithm. 

2.1 Area of study 

The object of the study were three pilot regions: Voronezh Oblast, Republic of Tatarstan 
and Perm Krai. The choice of territories was based on the scaling of the resulting data and 
research projects of the InnoGeoTech LLC company to monitor land use. In addition, all 
regions are different in their climatic conditions and territorial location. 

Voronezh Oblast is located in the center of the European part of Russia, includes high 
and low areas with a low percentage of forest cover (11%). This area is located in the 
temperate climate zone. 

Republic of Tatarstan occupies the east of the East European Plain with an average 
percentage of the territory occupied by forests (about 20%). It is characterized by a 
temperate continental type of climate in the middle latitudes. 

The territory of Perm Krai is located in the zone of dark coniferous taiga, it is 
characterized by a huge forest cover of about 70% and is located in the eastern part of the 
European part of Russia. The climate of the region is formed under the influence of the 
western transfer of air masses. 

2.2 Selection of satellite imagery data for the growing season 

Time series analysis is one of the most common operations in remote sensing. This helps 
understand and model seasonal patterns and monitor changes in land cover. 

Time series analysis is one of the most common operations in remote sensing. This 
helps understand and model seasonal patterns and monitor changes in land cover. 

A time series is a sequence of values of some variable (or variables) recorded at certain 
intervals (regular or irregular). When there is only one observed variable, the time series is 
called univariate. In the case of several parallel observed variables, we speak of a 
multivariate time series. In our study we will consider only one-dimensional series. 

One of the features of Earth Engine is the ability to access decades of imagery without 
the previous limitations of downloading, organizing, storing and processing this 
information. Time series data in Earth Engine is represented as a series of images called 
“image collections.” From a programming perspective, in our study, we combined data to 
determine the temporal relationships between collection items and create functions to 
reduce this time. 

2.3 Pre-processing of satellite image 

Preprocessing of satellite images included atmospheric and radiometric correction to 
eliminate cloudiness and remove radiometric distortions. 

2.4 Selection of the vegetation index of vegetation and application to satellite 
images 

To track vegetation activity, NDVI was chosen. This is a fairly well-known metric for 
measuring vegetation productivity, calculated using the following formula (1): 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 = NIR−Red
NIR+Red, 

where NIR is the near infrared light; Red is the visible red light. 
When using this vegetation index, it is expected that the selected regions will exhibit 

strong seasonality and possibly a gradual linear trend over time. This vegetation index was 
chosen, among other things, because of its simplicity in calculations and interpretation of 
results. As is known, NDVI is a normalized index and its values range from 0 to 1. Pixels 
close to 1 are interpreted as healthy vegetation, and objects with values around 0 are 
processes and phenomena that relate to inanimate nature, including aquatic objects and 
clouds. 

As a final result, it is necessary to obtain a multi-temporal composite image based on 
NDVI vegetation index. In Earth Engine, a function for this is written to calculate the 
proposed index, then applied to a collection of images and added to the array. Composite 
generation refers to the process of combining spatially overlapping images into a single 
image based on an aggregation function. Mosaicing refers to the process of spatially 
assembling image data sets to create a spatially continuous image. In Earth Engine, these 

5

BIO Web of Conferences 116, 01003 (2024)	 https://doi.org/10.1051/bioconf/202411601003
EBWFF 2024

RETRACTED



terms are used interchangeably, although compositing and mosaics are supported. In this 
case, it was decided to create a composite that maximizes an arbitrary bandwidth of the 
input data, namely the calculated NDVI channel. 

2.5 Multiclass Segmentation of Satellite Images Using the random forest 
algorithm   

Selection of reference data was carried out in order to create a training sample. The main 
selection criteria were the validity of spatial data and coverage of the study area. The source 
of data was the product of ESA “WorldCover 10m 2020”, created as part of ESA 
WorldCover project and which is part of the fifth Earth Observation Program (EOEP-5) of 
ESA. ESA data (Figure 1) is a 2020 global vegetations map with 11 different classes from 
cropland and grassland to water bodies and built-up areas based on Sentinel-1 and Sentinel-
2 data at a resolution of 10m. 

One of the key benefits of WorldCover map is its detail. For example, when 
approaching urban areas, objects with a spatial resolution of 10 m (paved roads, urban 
green spaces) can be recognized. Previously, such classes were deciphered with a high error 
or were not taken into account when classifying objects. 

With the use of Sentinel-1 and Sentinel-2 satellite imagery data, we can obtain 
vegetations information in areas with permanent cloud cover and update the vegetations 
map in real time. 

One of the key requirements of ESA WorldCover project was independent validation in 
accordance with the requirements of the Committee on Earth Observation Satellites, 
Working Group on Calibration and Validation Calibration of Land Product Validation. The 
results showed an overall accuracy of 74.4% at the global level and between 68 and 81% at 
the continent level. 

 
Fig. 1. Classification of the Earth's surface ESA WorldCover. 

Three main classes became the target objects of the study: forest vegetation, meadow 
vegetation and arable land. These vegetations objects were selected as a part of projects to 
monitor land use and their dynamics. “Forest vegetation” class is predominant for the 
territory of Perm Krai, “meadow vegetation” and “arable land” classes for Voronezh Oblast 
and Republic of Tatarstan, respectively. 

The source for determining the location of vegetation classes was ESA WorldCover 
classification, which became the basis for further research work on the selection of 
reference data on the boundaries of the distribution of areas with the studied types of 
vegetation. 

Target classification was performed on GEE platform. This platform has a number of 
built-in machine learning tools designed to work with multidimensional raster data. 
Random forests algorithm was chosen as the classification method. This is one of the well-
known machine GEE learning algorithms based on the use of an ensemble of decision trees. 
In one classification tree, the input data (“pixels”) are collected into more homogeneous 
groups (“classes”). The output is several classifications with low quality, but due to their 
large number, the result is good. 

3 Results and discussion 
In order to cover the largest amount of data, three target areas were chosen, different in 
their climatic characteristics and location. Carrying out such work improves the quality of 
research and reduces the error in the accuracy of the fault. 

All satellite images were selected within the given boundaries of the territories for the 
period of vegetation activity, after which they were pre-processed using GEE. For this, the 
average pixel value of each satellite image was calculated, which made it possible to 
minimize cloudiness and coverage of the area of interest. 

At the next stage of the work, the selected NDVI vegetation index was applied to all 
satellite images. The Figure 2 shows the formed images in the study area. 

The manifestation of strong vegetative activity suggests a linear upward trend in this 
index. Therefore, the main hypothesis for the application of NDVI index was that the 
dynamics of changes in the average pixel values of the vegetation index over a long period 
would contribute to a more accurate multiclass image classification. 

   
(a) (b) (c) 

Fig. 2. Satellite images after applying the vegetation index NDVI in the territory of (a) Voronezh 
Oblast, (b) Republic of Tatarstan and (c) Perm Krai. 
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Fig. 1. Classification of the Earth's surface ESA WorldCover. 
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The creation of a sample of reference data for image classification was based on ESA 
WorldCover cartographic material. When combining different channels and determining 
the necessary combinations of satellite images, an improvement in the deciphering features 
of objects and their dynamics over time was observed. On the example of the “arable land” 
class, the results showed more dramatic changes in NDVI throughout the growing season. 
Classes indicating the phases of development of agricultural land (“plowing”, “ripening” 
and “harvesting”) showed high average index values (Figure 3). 

The presented graph shows the different phases of the development of the studied class. 
The "plowing" phase is actively going on until mid-May. From mid-May to mid-August is 
characteristic for "ripening". There is a "harvest" starting from the end of the summer 
period. Such development of agricultural lands is typical for spring crops. 

 
Fig. 3. Dynamics of average NDVI indicators on the example of “arable land” class. 

“Forest vegetation” class was characterized by high NDVI values during the studied 
period of time (Figure 4). During the study, different stages of vegetative activity were 
identified. The spring period was characterized by an increase in the vegetation index, then 
stable NDVI values were observed, which indicate the absence of forest pathological 
processes [14-17]. At the end of the summer period, the values on the chart moved in the 
direction of decreasing index indicators, typical for the beginning of the autumn period. 

 
Fig. 4. Dynamics of average NDVI indicators on the example of “forest vegetation” class. 

“Meadow vegetation” class is characterized by smoother transitions of NDVI index 
throughout the growing season (Figure 5). This is due to the fact that the territory is not 
cultivated and the vegetation on the territory grows according to the vegetation cycles. 

 
Fig. 5. Dynamics of average NDVI indicators on the example of “meadow vegetation” 
class. 

Based on the created sample of these classes and satellite images, a thematic map was 
obtained using the random forests algorithm in GEE. A visual assessment of the 
classification result (Figure 6) showed that providing the most geographically diverse data 
as a training sample contributes to the most accurate result of image segmentation based on 
the multitemporal values of NDVI vegetation index. The results of the study showed that 
the presence of a large amount of training sample data contributes to an increase in the 
classification accuracy. 
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Fig. 6. Fragment of a thematic map as a result of classification superimposed on a satellite image in 
natural colors for 2022. 

Based on the results of the work, the developed methodology has the potential for 
further work and will be improved in order to improve the accuracy of classification for 
other classes in the framework of vegetation monitoring studies. The use of GEE cloud 
platform facilitates operational work with remote sensing data from data preprocessing to 
multi-class image classification. 

4 Conclusions 
Vegetation cover monitoring is one of the most urgent and significant tasks in the complex 
system of space observation of the Earth. A wide range of monitoring possibilities has 
prospects for improving the methods used. One of the most important requirements is the 
efficiency and accuracy of identifying violations and inconsistencies in the actual use of 
vegetative land. The introduction of modern satellite surveillance systems can increase the 
quality of determining the actual use of territories to improve the quality of sustainable 
management. 

As a result of the study, a vegetation cover monitoring technique was developed based 
on multiclass segmentation of composite images with preliminary data processing based on 
the GEE cloud computing platform. Three regions became the target territories of the study: 
Voronezh Oblast, Republic of Tatarstan and Perm Krai. The objects of study are the classes 
of forest vegetation, arable land and meadow vegetation. 

The article presents a step-by-step method for obtaining and processing Sentinel-2 space 
imagery data. This method of multiclass classification of objects based on time series 
analysis can significantly improve the accuracy and speed of providing analytics to update 
information on the use of agricultural land. 

The developed technique makes it possible to automatically recognize three classes of 
vegetation cover. Implementation for the purpose of retrospective analysis and operational 

monitoring to identify overgrown, abandoned and unused agricultural land. This is a hot 
topic in space monitoring for understanding phenomena, determining management 
strategies to prevent and mitigate the risks of disturbance and changes in vegetation cover. 

The method and approach to complex processing of ERS data proposed and developed 
in this article has the potential for scaling and optimizing the interpretation of other classes 
of objects, making the analysis of the territory more detailed. It also has the potential to be 
developed and improved from a technical point of view, improving the code of the written 
script, introducing more advanced machine learning models or analysis using neural 
network algorithms. 
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