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SUMMARY 

At the current time, in Ukraine, the semi-natural problem of climatic changes and forest loss 
affects land cover. Land degradation increases significantly and results in forest loss which 
leads to a reduction in biodiversity and land productivity. This study was therefore designed 
to explore the forest loss and climatic change dynamics to estimate mean annual deforestation 
rates and identify forest-loss hotspot areas within the northern part of the Sumy region in 
Ukraine, and finally, evaluate the impact of climatic changes on forest loss. The dynamics of 
land cover change were used as an input for measuring forest loss by employing the 
combination of geospatial technologies. For this, the dataset of Terra Climate (1970-2020), 
global dataset MOD11A1.006, Global Forest Change (2000-2021), Landsat, and Sentinel 
images were used. Monthly Climate, Climatic Water Balance for Terrestrial Surfaces, NDVI, 
NDWI, treecover, and forestloss were generated and visualized by using the inspiring 
instrument Google Earth Engine. Results showed that the annual forest loss increased at the 
national, regional, and local levels at 2 944.67, 79.97, and 13.32 respectively each the next 
five years. The built maps were used for identifying crop management and conservation factor 
as a source of data for the landscape planning implementation. 



 

Introduction 
At the current time, drastic climatic changes and as a result − forest loss is the major problem that 
affects land cover within mixed-forest regions and widely determine directions of land use planning. 
In Ukraine, this problem is quite typical, especially in the areas that are actively used by humans. Due 
to the dynamics of land use land cover change, land degradation increases significantly and results in 
forest loss every year, leading to a reduction in biodiversity and land productivity. In this context, land 
surface temperature (LST) is thought of as one of the key parameters in the physics of land surface 
processes from global to local scales (Sarbeswar and Arijit, 2022). Although many definitions and 
classifications have been proposed to better understand the evolution of LST, not enough attention has 
been paid to their relationship to factors such as the Normalized Difference Vegetation Index (NDVI), 
the Normalized Difference Water Index (NDWI), forest loss, and its spatial configuration. On the 
other hand, quantification of forest loss has been lacking despite the recognized importance of forest 
ecosystem services. 
Aiming to clarify the effects of these factors and their relation to forest loss this study was therefore 
designed to explore it and climatic changes dynamics, especially LST, at least for the last decades, 
estimate the mean of annual deforestation rates, made quantification and identify forest-loss hotspot 
areas within the northern part of Sumy region in Ukraine, and finally, evaluate the impact of climatic 
changes on forest loss. 
The case study area embraces a physiographic north-eastern part of Ukraine in the Sumy region with 
lowlands and flats which is a part of the much larger area of distribution of mixed-forest zonal 
landscapes. The area of research interest (AOI) was chosen as one that is far away from the active 
research zones in Ukraine. On the other hand, in this area, a volume of research to find the best way 
for solving ecological problems and the regional landscape planning implementation by using methods 
of detachment the forest-loss hotspot fields and fields of transformational influence of LST on NDVI 
and NDWI, as well as remote sensing processing and decoding is not enough. 
Method and Theory 
The dynamics of LST and land cover changes were used as an input for measuring forest loss by 
employing the combination of geospatial technologies according to the next scheme: a) predictors 
generating (temperatures, vegetation indexes, data of the Earth surface observation, etc.) → b) 
methods of Machine Learning (Artificial Intelligence) → c) classification, and prediction. 
For acquiring and generating predictors, the next datasets were used: 
 FAO GAUL of Global at the first level of Administrative Units Layers, 2015 (by the UN 

Cartographic Unit (UNCS)) that contains the most appropriate available spatial dataset that 
represents administrative units (Code Editor, 2022, FAO GAUL, 2022); 

 Terra Climate (Abatzoglou et al., 2018) for monthly temperature and water balance, precipitation, 
and vapor pressure with climatically based interpolation and high-spatial resolution for a broader 
(than it is usually assessed) temporal record (1970-2020 for the AOI); 

 global dataset MOD11A1.006 Terra (Code Editor, 2022), that provides daily (the day-time and 
night-time) land surface temperature (LST) bands and their quality indicator layers; 

 Hansen Global Forest Change v1.9 (2000-2021) (Hansen et al., 2013; High-Resolution Global 
Maps, 2013) as a result of time-series analysis of Landsat images with 30 m spatial resolution and 
depicts the global forest canopy, its change, and represents in form of composite imagery median 
observations data. 

At the next step of the Machine Learning application, Monthly Climate and Climatic Water Balance 
for Terrestrial Surfaces, NDVI, NDWI, treecover, and forestloss were generated and visualized by 
using such inspiring and furious instrument as Google Earth Engine (GEE) (Code Editor, 2022) that 
operates by petabytes of up-to-date satellite imagery and easy available geospatial datasets, combines 
them with geospatial analysis capabilities, and includes an abundance of resources to detect spatial 
changes, quantify differences and built map trends over time. The advantage of GEE is its remarkable 
computation speed of processing outsourced to Google servers. 
For instance, Monthly Climate and Climatic Water Balance for Terrestrial Surfaces were generated 
as a mid-term trend in data (without variability in orographic and inversion ratios because of the 
physiographic features of the AOI). 
To reveal changes in land cover in terms of forest loss the Normalized Difference Vegetation Index 
(NDVI) and the Normalized Difference Water Index (NDWI) were applied. Both these indexes are 
the most promising because quite accurate data is used for the next three appointments: 1) the direct 
assessment of vegetation state, 2) biophysical models for forest-model assimilation task fulfillment 



 

(selection of the most likely scenario and re-initialization of the modeled system state with the 
scenario), and 3) the algorithm of Machine Learning. The last one option was used to generate these 
indexes through GEE. They were applied to Landsat-8 series data Collection 1 Tier 1 calibrated top-
of-atmosphere (TOA) reflectance that was filtered out according to the cloud cover of less than 15%. 
Accordingly to the used data set the NDVI was defined as: 

 
At the same time NDWI was generated as: 

 
The integration of multispectral data through the GIS technique can provide valuable information 
about forest loss and its spatial configuration. 
At the next step of the research of classification, and prediction, treecover, and forestloss, image 
classification were applied to the multi-temporal Landsat and Sentinel series (with 30 m and 10 m 
spatial resolution corresponding) data to discover dramatic changes in land cover. Treecover was 
defined as the canopy for all vegetation taller than 5 m and expressed as a percentage per output grid 
cell (High-Resolution Global Maps, 2013). At the same time, forestloss was distinguished as a 
state/replacement disturbance, or a change from a forest to a non-forest state (Hansen et al., 2013). 
Random Forest to Sentinel-2 collection was applied to take Image classification because it helps to 
designate for spectral pixels land cover classes (e.g. forest, water, agriculture, and urban) (Image 
Classification, 2022). For this purpose, representative samples as a «training area» for each land cover 
class are chosen and added according to their spectral information to the new layer. Then these 
«training sites» applying to the entire image and storing all samples are used to generate «a stemp file» 
that finally is used for running an image classification. 
All these mentioned aspects depict the crucial stages of this research. 
Results 
Forests worldwide are in flux, with accelerating losses. It is also typical for the ROI (region of 
interest) and the AOI that which is why monitoring of such losses should be done. For this purpose, 
we used modern GIS facilities and remote sensing for evaluating the nexus between forest loss, land 
cover dynamics and their specificities, trend analysis, and climatic changes. 
Climatic changes were assessed as a trend of LST changes within the urban (fig. 1) and non-urban 
(covered by dense forest) (fig. 2) areas for the last decades. To calculate LST, Image Collection Sum 
Reducer and Mean Reducer were applied to take the median over a time series of images. These 
algorithms reduce the collection of images to the individual image. The received result shows us 
temperature increasement from 16.84 to 20.9°C and from 14.72 to 17.04°C correspondingly. 
For the purpose to assess the influence of temperature increasement on the vegetation state the NDVI 
was generated. The Normalized Difference Vegetation Index (NDVI) is a simple and effective, well 
known and widely used application to the multi-temporal data in the case of quantifying green 
vegetation and revealing changes in land use/land cover (LU/LC) in terms of forest loss, agricultural 
and nature conservation activities, which is the most promising within the AOI for landscape planning 
implementation. NDVI was generated and visualized on the map (fig. 3) and as graphs (fig. 4) during 
the vegetative growing season. The value of the average NDVI within the AOI has decreased from 0.6 
to 0.5 (fig. 4a) which corresponds to increasing forest loss, deforestation, and barren areas 
enlargement. 
The temperature increasement leads to water balance change. To assess it the NDWI was generated. 
The Normalized Difference Water Index (NDWI) is quite promising in the case of monitoring 
changes related to water content in water bodies that also should be assessed in the context of planning 
activities implementation. NDWI values within the AOI are changing from 0.52 to 0.44 (fig. 4b) 
which corresponds with NDVI decreasement and vegetation loss. 
In this study, Earth observation satellite data was used to map tree canopy cover and to observe forest 
coverage changes during the period of investigation. 
Forest loss during the study period was detected as a result of examined Landsat-8 and Sentinel-2 data 
with high spatial resolution, and characterized from 2014 to 2018 at national, regional (fig. 5), and 
local (fig. 6) spatial levels. Results of image classification showed that forest loss increased in 
national, regional, and local level simultaneously and was estimated as 2 944.67, 79.97, and 13.32 per 
output grid cell respectively during the study period. 



 

 
    

Figure 1 Min t trend for urban areas within the 
AOI 

Figure 2 Min t trend for non-urban areas (dense 
forest) within the AOI 

  

Figure 3 Averaged NDVI within the AOI 2013 (a) 
− 2021 (b) 

Figure 4 Averaged NDVI (a) and NDWI (b) 
within the AOI (2013-2021) 

  

Figure 5 Forest loss (more than 50% of forest 
density) according to the Landsat images in ROI 
analysis (2014-2018) 

Figure 6 Forest loss within the AOI according to 
the Landsat images analysis (2014-2018) 

  

Figure 7 Random Forest of Sentinel-2 images Figure 8 Random Forest of Sentinel-2 images 
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classification result within the AOI (2016) classification result within the AOI (2022) 

To identify forest-loss hotspot areas within the northern part of the Sumy region in Ukraine the built 
maps as a result of image classification (fig. 7-8) were used. They depict the forest-loss areas from 532 
to 427 scale pixels for 2016-2022 respectively. All of such sites are the leading sources of data for the 
crop management factor and conservation factor and needed to be taken into account due to the 
landscape planning concept implementation. 
Conclusions 
Several generalizations can be drawn from the results of the integration of multispectral data as a 
result of the Earth observation and remote sensing through the GIS technique accomplishment, 
specifically, Monthly Climate and Climatic Water Balance for Global Terrestrial Surfaces, NDVI, 
NDWI, treecover and forestloss studying for the purpose to assess the nexus between them. 
Distinguished nexus was identified by using quite powerful (in the case of operating with big data) and 
promising cloud-based instrument of Machine Learning, geospatial analysis platform − Google Earth 
Engine, and using such techniques as predictors generating (temperatures, vegetation indexes, data of 
the Earth surface observation, etc.), classification designation, and future the most appropriate 
practices prediction. 
The key thesis that we associate with these aspects is that increasing forest loss and deforestation, and 
its spatial configuration are the results not only of intensive forestry practices but also depict a globally 
consistent and regionally/locally relevant temperature increasment. As a result of such a nexus, the 
forest-loss hotspot areas are formed. They are the areas where forests can not provide to keep global 
warming, remove and store carbon from the atmosphere, mitigating climate change. It is also the area 
of losing the ability to remove emissions. The influence of climatic change dynamics, especially LST, 
on land cover and land cover use change has individual and combined effects within the tested area as 
identified spatial configuration of forest-loss hotspot areas. Therefore, urgent soil, water, and 
biodiversity conservation practices should be made in hotspot areas. That is why they thought as the 
key sources of data for the landscape planning and nature conservation activities, a promising and 
extremely significant decision-makers technique, and needed to be taken into account due to the 
landscape planning and sustainable development concept implementation. Depictured forest-loss 
hotspot areas within the northern part of the Sumy region in Ukraine on the built maps are also used 
for identifying crop management factors and conservation factors as sources of data for future 
landscape planning implementation. 
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