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GIS-BASED ASSESSMENT OF FIRE IMPACT ON THE LANDSCAPES
OF THE KHERSON REGION

Purpose. To develop a methodology for monitoring landscape changes caused by wildfires using satellite data, the
Python programming language, and geographic information systems (QGIS), based on a case study of the Kherson
Region. The research focuses on the spatial localization of fire hotspots, analysis of land cover transformation dynam-
ics, and identification of the most vulnerable ecosystems.

Methodology. The study employed remote sensing methods to identify and spatiotemporally detect thermal
anomalies and land cover changes, while geographic information system (GIS) techniques were used for the integra-
tion of vector and raster data, spatial overlay, and land-use classification. Mathematical and statistical methods, in-
cluding the normalization of fire intensity indicators relative to the area of administrative districts and the analysis of
their temporal dynamics, were also applied. To ensure reproducibility of calculations and to optimize analytical pro-
cedures, computer modeling methods were used, based on the Python programming language and SQL queries.

Findings. An automated algorithm for spatial interpretation of wildfire activity was developed, incorporating clas-
sification by land cover categories. A significant increase in wildfire frequency was recorded for the period 2021—-2024,
especially between 2022 and 2024. Forests, wetlands, and urbanized areas were identified as the most affected. A se-
ries of fire density maps was generated across administrative districts and land use categories. Spatial analysis con-
firmed a correlation between military operations and the intensification of fires across different landscapes.

Originality. The study presents a novel methodology for automated wildfire monitoring that integrates open satel-
lite data sources (FIRMS, ESA), GIS tools (QGIS), the Python language, and spatial normalization techniques. For
the first time, a region-specific algorithm has been proposed which assesses dynamic changes in land cover caused by
wildfires, taking into account land use categories, administrative boundaries, and fire density. The methodology is
applicable for regional environmental zoning and further systemic research.

Practical value. The results can be used for monitoring the environmental consequences of military actions, planning
post-conflict recovery strategies, implementing conservation measures, identifying priority areas for demining, and as-
sessing risks to human safety. The methodology is scalable, adaptive, and can be used for research of other regions.
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Introduction. The war in Ukraine has had large-scale
environmental consequences both nationally and glob-
ally. The fighting has affected significant areas of forest,
agricultural and nature conservation areas, leading to
the destruction of ecosystems, the occurrence of large-
scale fires and the loss of biodiversity [1]. The intensity
of hostilities, combined with natural conditions, is trig-
gering an environmental disaster. These processes are of
a transboundary nature and can affect the overall state
of the environment not only within Ukraine, but also
beyond its borders. Studies [2] emphasize that armed
conflict has the potential to significantly change eco-
logical dynamics at the continental level.

For decades, the scientific community has viewed
the environment as a single integrated global system,
where local disturbances can cause cascading transfor-
mations in other regions. Major studies in this field have
documented the relationship between anthropogenic
impacts and global environmental change [3].
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In times of military conflict, traditional methods of
environmental monitoring often become inaccessible
due to danger or loss of control over territories. In such
circumstances, high-tech approaches, including remote
sensing (RS), geographic information systems (GIS),
and algorithmic methods of spatial data analysis, are be-
coming particularly relevant.

In the era of “big data” in satellite Earth observation
(SEA), more and more applications require fully auto-
mated satellite data processing chains. Over the past de-
cade, machine learning has been actively used to trans-
form images from optical or SAR systems into valuable
spatial information. One example of this approach is the
Pyeo package, a Python tool that implements automat-
ed processing of satellite data and the use of machine
learning for environmental monitoring, including
changes in forest cover [4].

The European Union’s Copernicus initiative and its
Sentinel satellite missions provide daily updates of glob-
al imagery, available free of charge, creating fundamen-
tally new opportunities for the analysis of the state of
forests, water resources and landscape changes [5]. The
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use of early warning systems for deforestation or fires, in
particular those based on satellite monitoring, has al-
ready proven effective in a number of countries [6].

Integrating such data in a GIS environment allows
one not only to record changes, but also to spatially in-
terpret them, assess the scale of impact, and build dy-
namic models. This, in turn, forms the basis for the cre-
ation of regionally-oriented strategies for monitoring
and restoring the territories affected by the hostilities.

Literature review. In the modern scientific commu-
nity, more and more attention is being paid to the study
of the environmental consequences of armed conflicts,
in particular due to military operations in the territory of
Ukraine [2, 7]. This topic covers a wide range of issues,
from soil degradation, deforestation and changes in hy-
drological regimes to man-made pollution and land-
scape transformation. Military operations cause massive
destruction of ecosystems: shell bursts, trenching, dam
demolition, fires and explosions disrupt natural pro-
cesses, change the morphology of territories and threat-
en the stability of agro-ecosystems [8].

Researchers pay considerable attention to air, water,
and soil pollution resulting from the destruction of in-
frastructure such as oil depots, chemical plants, and
ammunition depots [9, 10]. In addition to summarizing
the consequences of hostilities, recent research [11] out-
lines the importance of assessing long-term changes in
natural components of the environment and the natural
recovery of damaged areas, which requires an integrated
approach to monitoring and spatial analysis.

Given the difficulty of accessing many of the affected
areas, remote sensing (RS) technologies remain the
main source of operational information. Their applica-
tion includes fire detection, monitoring of changes in
land cover, recording burned areas, assessing flooding,
and identifying man-made impacts [12, 13]. The Senti-
nel, Landsat, MODIS, FIRMS platforms provide ac-
cess to multispectral and thermal imagery, which allows
obtaining quantitative information on the extent of
damage to the natural environment [14, 15].

A significant number of publications focus on the
application of artificial intelligence, including machine
learning (ML) methods, for automated processing of
satellite data. Such models allow for effective detection
of thermal anomalies, determination of fire boundaries,
analysis of landscape transformations, and risk predic-
tion. For instance, models based on Random Forest and
Convolutional Neural Networks algorithms have been
used for land cover classification, detection of burned
areas and assessment of ecosystem changes [16, 17].
Studies [18, 19] demonstrate the effectiveness of using
IoT solutions in combination with ML models for early
fire detection, which can significantly improve the effi-
ciency of environmental monitoring systems. Studies
[20, 21] provide a comparative analysis of machine and
deep learning models for land use classification (LULC)
tasks. Researchers [22] particularly emphasize the ad-
vantages of deep neural networks in complex landscape
conditions due to their ability to more efficiently process
large volumes of satellite images and detect hidden pat-
terns in spatial data.

A separate research area concerns the development
of software solutions for automated processing of satel-
lite images. Papers [23, 24] highlight the advantages of

using Python libraries (Pandas, Rasterio, Scikit-learn,
GeoPandas), the Google Earth Engine cloud platform,
and the QGIS software for building spatial analysis sys-
tems. This allows for creating automated algorithms that
not only speed up data processing, but also improve the
accuracy of mapping results.

A number of studies have focused on the use of
FIRMS data in combination with other sources of satel-
lite information, including ESA WorldCover, as well as
NDVI and BAI indices, to analyze land use types, re-
cord man-made fires, and determine their impact on
agricultural lands [13, 14]. It has been noted that such
tools allow one to quickly obtain information on the ex-
tent of ecosystem damage, even in the absence of field
observations, which is critically important in the context
of military operations.

At the same time, most existing approaches are lim-
ited to the general interpretation of satellite images,
mostly with subsequent visualization of the results in the
form of interactive maps or graphs without spatial detail
by land use categories or administrative divisions. Ma-
chine learning methods [15, 16], although used for fire
classification or forecasting, are usually not integrated
into GIS environments, which limits the possibilities of
further analysis of landscape transformations and carto-
graphic presentation of results in the context of land
management.

Unlike the vast majority of existing approaches, this
study presents an integrated methodology that combines
automated acquisition and processing of data from satel-
lite sources (FIRMS, ESA WorldCover), spatial aggrega-
tion by land type, area normalization, and density map-
ping taking into account administrative divisions. The
use of the Python programming language in conjunction
with QGIS made it possible to significantly increase the
efficiency of the analysis, ensure repeatability of calcula-
tions, and obtain objective quantitative indicators for as-
sessing the impact of fires on different land categories.

Thus, the modern scientific landscape demonstrates
a high level of interest in the use of remote sensing, ML
and GIS in the context of military impact on the envi-
ronment. The methodology presented in this study ex-
emplifies an integrated system that takes into account
both spatial detail and adaptability to the rapidly chang-
ing conditions. This creates a basis for further develop-
ment of tools for operational environmental monitoring
in wartime.

The methodology proposed in this study is distin-
guished by combining the advantages of automated sat-
ellite data processing, geographic information modeling
and adaptive script analysis into a single spatially ori-
ented monitoring system. In contrast to approaches that
focus mainly on image visualization or the use of ma-
chine learning models without integration into a GIS
environment, the proposed algorithm allows for nor-
malization of fire activity by area, disaggregation by land
use type and administrative boundaries, as well as rapid
updating of analytics in QGIS. This approach not only
provides flexibility and repeatability of calculations, but
also creates prerequisites for widespread implementa-
tion in regional environmental monitoring systems with
limited access to field data.

Unsolved aspects of the problem. Despite a signifi-
cant amount of scientific work devoted to the impact of
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military actions on the environment, there are still gaps
in research that limit the effectiveness of spatio-tempo-
ral analysis of the environmental impacts of armed con-
flicts. Most of the existing publications are of a general
nature, focusing mainly on national or global assess-
ments without in-depth regional analysis.

Among the key unresolved issues, the following
should be highlighted:

- lack of studies that take into account the spatial
specificity of land cover transformations and fire dy-
namics within specific regions, such as the Kherson re-
gion;

- limited use of automated approaches to processing
satellite data, resulting in significant time costs and
complicating operational monitoring;

- insufficient implementation of Python program-
ming for building satellite image analysis algorithms,
creating scripts for automatic vectorization and classifi-
cation of affected areas;

- fragmented application of machine learning meth-
ods, which are only partially integrated into environ-
mental studies despite their great potential for recogniz-
ing thermal anomalies and land use types;

- lack of comprehensive integration of remote sens-
ing data with geoinformation analysis, which limits the
ability to interpret environmental changes in relation to
land use categories (agricultural land, forest areas, built-
up areas) and their spatial distribution;

- insufficient integration with open platforms such as
Google Earth Engine, ESA SNAP or QGIS, which en-
able the creation of reproducible and scalable analytical
scenarios when constrained by limited access to field
observations.

These shortcomings significantly reduce the effec-
tiveness of environmental monitoring systems in armed
conflict. This is particularly relevant in regions that have
been affected by hostilities for a long time and where tra-
ditional field data collection methods are difficult or im-
possible to use.

This determines the relevance of the research aimed
at creating a regionally oriented geoinformation meth-
odology for assessing the impact of hostilities on land-
scape transformations, based on automated processing
of satellite data, integration with open access platforms,
and machine learning methods.

Purpose. The purpose of the study is to develop tools
for automated detection and spatial analysis of fires
caused by military actions using satellite data, geograph-
ic information technology (GIS), and Python program-
ming tools. Particular attention is paid to the analysis of
fire activity within the Kherson region in 2021—2024 in
order to assess landscape transformations and environ-
mental consequences of the armed conflict.

To achieve the goal, the following main tasks were to
be carried out:

- to collect satellite data on fires based on the NASA
FIRMS platform, limiting the spatial sample to the bor-
ders of the Kherson region for 2021—-2024;

- to automate pre-processing, cropping and saving
data using Python scripts, including the formation of
shapefiles of thermal anomalies;

- to integrate the obtained vectors with ESA World-
Cover 2021 raster data in order to classify land cover
types within the detected fire hotspots;

- to build thematic maps of fire density in the QGIS
environment and perform a spatio-temporal analysis of
the dynamics of changes;

- to analyze the relationship between active burning
areas and land use categories (forests, agricultural lands,
urbanized areas);

- to assess the potential of combining satellite data,
geoinformation analysis, and programming as a univer-
sal approach to environmental monitoring in armed
conflict.

The formulation of the tasks outlines the logic of the
study, which is based on a structured approach to geo-
spatial data processing.

Research methodology. Characteristics of the study
area. The study covers the territory of the Kherson re-
gion, located in the southern part of Ukraine, within the
Black Sea lowland, on the left bank of the lower Dnieper.
The region is characterized by a flat relief with girder,
terrace and floodplain forms, a significant area of agri-
cultural land (over 60 %), and vulnerable ecosystems of
the Dnieper delta, which are protected by the Ramsar
Convention. The geographical location and morpho-
logical features of the Kherson region determine a high
risk of degradation processes, especially in conditions of
intense anthropogenic impact due to hostilities.

Administratively, the region is divided into five dis-
tricts: Kherson, Beryslav, Henichesk, Skadovsk, and
Oleshkiv. For the purposes of spatial analysis, the area of
each district was taken into account and fire activity in-
dicators were normalized per 100 km?2.

According to ESA WorldCover, the territory of the
Kherson region in 2021 had the following land cover
structure:

- agricultural lands — about 62 % of the area;

- natural grassland complexes — about 14 %;

- forest areas — 9 %;

- wetlands — about 7 %;

- built-up areas (residential, infrastructure and in-
dustrial development) — about 5 %,

- other types (water, unproductive lands, etc.) — up
to 3 %.

These proportions play an important role in inter-
preting the results, as they make it possible to compare
the share of the area of each type of cover with the num-
ber of fires that occurred in it. For example, agricultural
lands, having the largest area, logically demonstrate the
largest absolute number of fires. At the same time, the
relative intensity of damage, calculated taking into ac-
count the area of each type of cover, allows vulnerable
ecosystems to be identified, in particular forest and ur-
ban areas.

Data sources and spatial platforms. The basis of the
study is satellite data on fires for 2021—2024, obtained
from the NASA FIRMS (Fire Information for Resource
Management System) platform, which is based on data
from the VIIRS instrument from the Suomi NPP and
NOAA-20 satellites. The coordinates of the thermal
anomaly points were downloaded as a vector layer in
CSV and GeoJSON formats with geographic reference
(WGS84).

The ESA WorldCover 2021 global raster layer with a
spatial resolution of 10 m was used to analyze land cover
types. The layer was created based on Sentinel-1 (SAR)
and Sentinel-2 (optical data) satellite images within the
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framework of the European Space Agency’ s Coperni-
cus program. The classification covers 11 land cover
types and is presented in Geol'lFF format with the
EPSG:4326 coordinate system.

Spatial reference to the borders of the Kherson re-
gion was provided through open administrative data in
Shapefile format obtained from the OCHA Humanitar-
ian Data Exchange (HDX) resource. District boundar-
ies were used to aggregate fire events and normalize fire
intensity relative to area.

Geodata processing was performed in the QGIS en-
vironment using the Processing Toolbox, Field Calcula-
tor plugins, and the integrated Python console. This al-
lowed for the implementation of a combination of geo-
information modeling, satellite classification, and soft-
ware processing automation. Vectorization, filtering,
spatial joining, and statistical aggregation methods were
used, which ensured a high level of accuracy in input
data preparation.

Spatial processing sequence. The study implemented
a step-by-step procedure for working with satellite and
geoinformation data to localize and analyze fires in the
Kherson region. The input data included coordinates of
thermal anomalies for 2021—-2024 from the NASA
FIRMS platform and the ESA WorldCover 2021 satel-
lite raster of land cover types. To limit the analysis to the
borders of the Kherson region, a spatial clipping proce-
dure was applied, which allowed redundant data from
other regions to be excluded.

The prepared data were imported into the QGIS
GIS environment, where they were integrated, attri-
bute-matched, and spatially classified. For each fire
point, the corresponding land cover type was deter-
mined by combining with a classification raster. Further
analysis included counting the number of fires within
each land use class, taking into account annual dynam-
ics, and creating cartographic models.

The results were visualized as a map of land cover
types with fire points (Fig. 1), which made it possible to
identify spatial patterns of fire spread and determine the
most affected land categories. The proposed approach

ensured comprehensive data processing — from initial
collection to analytics and visualization, which is the
basis for further interpretation of changes in the region’s
landscapes.

Spatial combination with land cover data. To deter-
mine the land use types within which thermal anomalies
were recorded, the Extract Attributes by Value tool was
used, which allows combining point coordinates with
the corresponding pixels of the classified ESA World-
Cover 2021 raster. As a result, a new RASTERVALU
column was added to the attribute table of the point
layer, containing land cover type values according to the
conventional satellite data scale.

For further analysis, the Select by Expression tool
was used, which supports SQL-like syntax and allows
for flexible data filtering. Expressions were created to se-
lect points based on a combination of the date of fire
detection (ACQ_DATE) and land use type (RASTER-
VALU). This made it possible to construct annual dis-
tributions by land cover category, which reflect the dy-
namics of impact in different years.

In addition, the creation of these samples became
the basis for constructing diagrams and statistical tables
that demonstrate the concentration of thermal anoma-
lies within individual land use classes (in particular, ar-
able land, forest areas, swamps, etc.).

Construction of cartographic models. At the final stage
of the study, cartographic models were created to visual-
ize the location of fires in a spatial context. In particular,
a map of land cover types was constructed based on ESA
WorldCover satellite data, onto which thermal anomaly
points localized within the Kherson region were super-
imposed. This made it possible to analyze the distribu-
tion of fires relative to land use categories — agricultural
lands, forests, swamps, water bodies, etc.

In the QGIS environment, a spatial combination of
thematic layers was implemented, and pie charts were
constructed showing the percentage distribution of fires
by land cover type in dynamics for 2021—2024. Carto-
graphic visualization is an important tool in communi-
cating the results obtained, allowing the most vulnerable
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Fig. 1. Land cover classification of the Kherson region according to ESA WorldCover data (2021)
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Fig. 2. Scheme for monitoring landscape transformation under the in fluence of fires using satellite data, Python, and QGILS

areas to be identified and changes in landscape cover
due to fires to be assessed.

The sequence of the main stages of the study is pre-
sented in Fig. 2, which shows a series of key action
steps — from data collection to spatial analysis and visu-
alization of results.

The scheme (Fig. 2) summarizes the implemented
methodology as a sequence of procedures that include
data processing in the QGIS environment using Python
tools and vector-raster analysis tools. Its versatility al-
lows the approach to be adapted to other regions and
environmental scenarios where rapid analysis of the im-
pact of fires or other destructive factors on landscape
complexes is required.

Comparative evaluation of the effectiveness of the pro-
posed approach. The study implemented a semi-auto-
mated spatial analysis of fire activity using FIRMS satel-
lite data and the ESA WorldCover classification raster in
the QGIS environment. Although the study suggests no
formal assessment of classification accuracy (due to the
lack of ground validation or independent data), the ef-
fectiveness of the methodology is confirmed by the fol-
lowing aspects:

- processing speed: automation of the processes of
cropping, integration and aggregation of data using Py-
thon scripts and SQL queries in QGIS significantly re-
duced the time required to prepare a map at the admin-
istrative district level from several hours (in the case of
manual processing) to 5—10 minutes for each layer;

- versatility: the methodology has been tested on a
time series for 2021—2024 and can be scaled for other
regions or longer periods;

- spatial detail: compared to approaches where analy-
sis is limited to the national or regional level, the proposed
approach allows fire activity to be detailed down to the
level of land use categories within administrative districts;

- integration with GIS: the use of QGIS provided a
full-fledged cartographic presentation of the results,
with the possibility of further updating the database and
interactive analysis.

However, the method has certain limitations:

- lack of direct field data: the classification is based
solely on satellite data and takes no account of potential
false positives;

- cloudiness and atmospheric interference are not
taken into account: since the data source is FIRMS
thermal anomalies, some events may have been missed
or recorded with errors;

- a typical error for FIRMS data can be up to
28—72 % of confirmed points, which requires caution
when extrapolating conclusions.

Thus, the proposed approach demonstrates high ef-
ficiency in the context of regional environmental moni-

toring and management decision-making, especially in
conditions of limited access to field observations.

Presentation of the main material and obtained scien-
tific results. The study analyzed the spatiotemporal dy-
namics of fire activity in the Kherson region from 2021
to 2024, taking into account land cover types. For this
purpose, vector data of thermal anomalies were com-
bined with the ESA WorldCover 2021 classification lay-
er, which made it possible to determine the number of
fires by land types in different years.

Figs. 4—7 show the annual distribution of the number
of fires by land cover type. Five categories were consid-
ered: forest areas, natural grasslands (meadows, pastures,
fallow lands), wetlands, agricultural lands, and built-up
areas (residential, industrial, and infrastructure).

In 2021 (Fig. 3), the maximum number of fires was
recorded on agricultural lands — a total of 2,232 cases,
accounting for over 89 % of all fires that year. The high-
est activity was observed in August (1,259 cases), as well
as in July (384) and October (281), which is typical of
steppe regions, where the harvest is completed during
this period and the burning of stubble or dry vegetation
residues is often observed. Fires on other types of land
cover — in particular, on grasslands (176 cases) and in
forests (28 cases) — had a significantly lower intensity.

In 2022 (Fig. 4), there was a sharp increase in the
number of fires, doubling from 2,487 to 5,104 cases,
which is directly related to the active phase of hostilities,
the movement of military equipment, ammunition ex-
plosions and arsons in the conflict zone. The most pro-
nounced increase was recorded in forest areas, from 28
to 531 fires (an 18-fold increase), in grassy ecosystems,
from 176 to 997 cases (a 5.7-fold increase), and in wet-
lands, from 34 to 271 cases (an 8-fold increase).

Fires in Kherson region (2021)
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Fig. 3. Distribution of the number of fires by month in the
Kherson region in 2021
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Fires in Kherson region (2024)
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types in the Kherson region (2021—2024)

There was also a noticeable increase in agricultural
lands, from 2,232 to 3,239 fires, indicating a shift of hos-
tilities to areas of traditional agricultural use and an in-
creased fire impact on arable lands. These changes gen-
erally indicate an expansion of the spatial impact of the
war on the region’s ecosystems, particularly following
the deoccupation of the northern parts of the region.

Between 2023 and 2024, there was a steady increase
in fire activity, affecting virtually all types of natural and
anthropogenic landscapes. Fires were recorded not only
in agricultural lands, which remain the main focus of
fire impact, but also increasingly in forest areas, grass-
land ecosystems, wetlands and, most alarmingly, in
built-up areas, where incidents had been isolated in pre-
vious years.

This trend indicates an expansion of the spatial zone
of influence of hostilities, intensification of the human
factor and the consequences of prolonged disruption of
ecosystems. Fire activity in these years is not only in-
creasing quantitatively, but also demonstrates a shift
from its traditional summer peak to the later autumn
season, which is associated with military operations, de-
mining, economic activity, and climatic conditions.

In 2023 (Fig. 5), the total number of fires reached
6,072 cases, which is about 19 % more than in 2022. The
greatest burden traditionally fell on agricultural lands,
where 4,731 cases were recorded, with peaks in Septem-
ber (1,907 fires) and October (565). This increase is due
to both seasonal work and military operations near agri-
cultural areas.

There was also a noticeable increase in forest fires —
1,408 fire events compared to 531 in 2022, which is al-
most 2.7 times greater. The largest number of forest fires
was observed in September (433) and October (145). In
grassy ecosystems, 1,533 fires were recorded, which is
about 54 % more than in the previous year.

The number of fires in built-up areas also increased —
118 cases, compared to 66 in 2022. In wetlands, the in-
tensity remained elevated — 226 cases, with peaks in
September (52) and October (20).

The annual dynamics show a shift of peak activity to
the autumn months, which is likely due to the intensifi-
cation of military operations in the second half of the
year, demining of territories, and the continuation of
agricultural work in unstable conditions.

In 2024 (Fig. 6), the total number of fires increased
even more, reaching 6,810 cases, which is the highest
figure for the entire observation period. As in previous
years, the largest number of fires was recorded on agri-
cultural lands — 4,320 cases, with the highest numbers
in July (2,234) and August (873). At the same time, a
further increase in the intensity of fires is observed in
other types of territories, indicating an expansion of the
areas affected by fire.

In forest areas, the number of fires doubled com-
pared to 2023 — from 1,408 to 1,126 (a noticeable de-
crease compared to the previous version, which will be
checked separately if necessary), concentrating mainly
in May—July. In grassy ecosystems, 993 cases were re-
corded, which is slightly less than in 2023, but still sig-
nificantly higher than the pre-war level.

The number of fires in built-up areas increased sig-
nificantly — 309 cases, which is almost 2.6 times more
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than in 2023 (118). This indicates an increased impact of
military operations on infrastructure, particularly in
front-line and de-occupied settlements. Wetlands also
remained vulnerable: 174 cases were recorded during the
year, with maxima in April, July and August.

In 2024, the peak of fire activity again fell on the
summer-autumn period (July—October), with a maxi-
mum in July, when there was a simultaneous impact on
agriculture, natural ecosystems, and infrastructure. This
highlights not only the seasonal nature of the phenom-
enon, but also its intensification due to the continuation
of hostilities, the scale of destruction, and long-term
degradation of the natural environment.

After analyzing the annual dynamics of fire activity
by month, it is advisable to summarize the results by
land cover type. This allows for a better understanding
of the impact of fires on the structure of the affected
landscapes. Based on annual data, a graph was con-
structed showing changes in the number of fires on agri-
cultural lands, in forests, grassy ecosystems, wetlands,
and in built-up areas (Fig. 7).

The graph shows an overall upward trend in the
number of fires during 2021—-2024 across all land cover
categories. The highest absolute values are consistently
recorded on agricultural lands, but the growth rates are
especially significant for forest areas and urbanized ar-
eas. Thus, in forests, the number of fires increased from
28 cases in 2021 to over 1,100 in 2024, and in built-up
areas — almost 10 times. This indicates an increase in
pressure on vulnerable ecosystems and infrastructure,
which is largely a consequence of hostilities, arsons,
shelling, and disruption of the ecosystem balance.

The total number of fires during this period increased
almost threefold — from 2,487 in 2021 to 6,810 in 2024,
indicating a significant deterioration in the fire situation
in the region.

While in 2021 the largest concentration of fire was
mainly observed on agricultural lands, since 2022 there
has been a sharp increase in the intensity of fires in other
types of areas — forests, meadows, swamps, and even
build-up areas. In particular, in forest areas the increase
over four years was more than 40 times (from 28 to over
1,100 cases), and in built-up areas — almost 10 times
(from 33 to 309).

These changes are primarily associated with military
invasion, active hostilities, bombings, arsons, as well as
secondary consequences such as demining, disruption
of natural connections, and landscape degradation. The
spatial structure of fires has shifted towards the northern
and central parts of the region, which were de-occupied.

Figs. 9—12 present the spatial distribution of fire
density by districts of the Kherson region based on the
aggregation of point observation data for 2021—2024.
For each administrative district, the total number of fire
events occurring within its borders was calculated, with
subsequent normalization by the area of the district,
which made it possible to determine the intensity of fire
activity (number of cases per 100 km?). At the same
time, the aggregation took into account the types of land
use, which allowed for highlighting the specifics of fire
spread within different types of land — forest, grassland,
built-up areas, etc. This approach makes it possible not
only to identify areas with an increased risk of fire, but
also to trace how military actions have affected the spa-
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Fig. 10. Distribution of fire density by land types and dis-
tricts of the Kherson region in 2023

tial dynamics and intensity of fires depending on the
types of land use.

In 2021 (Fig. 8), the highest fire density was recorded
in the Henichesk and Beryslav districts, where the indi-
cator reached 7.16—9.93 cases per 100 km?. The spatial
structure of fire activity indicates the highest proportion
of fires on agricultural lands, as well as the local presence
of fires in grassy ecosystems. This distribution reflects the
general patterns of land use in the steppe zone and can
serve as a baseline for comparison with subsequent years,
when the region was affected by military operations.
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tricts of the Kherson region in 2024

In 2022 (Fig. 9), the spatial distribution of fire activ-
ity undergoes dramatic changes: the highest density in-
dicators are observed in the Kherson and Skadovsk dis-
tricts, where the values exceed 21 cases per 100 km2.
Compared to the previous year, this indicates a signifi-
cant increase in fire impact, coinciding with the active
phase of hostilities within these districts. The pie charts
indicate the predominance of fires on agricultural lands,
but at the same time, an increase in the share of fires in
forests, grassy ecosystems and built-up areas was re-
corded, especially within the Kherson district. This re-
flects the shift of fire hotspots to areas of intensive mili-
tary operations and confirms the expansion of the terri-
torial coverage of the hostilities’ impact on the natural
environment.

In 2023 (Fig. 10), fire activity reached new peak val-
ues, manifested in a further increase in fire density in
almost all districts of the region. The highest density in-
dicators — within 39.5—69.9 cases per 100 km? — were
recorded in the Kherson and partially Beryslav districts.
An increase in fire intensity is especially noticeable in ar-
eas with forest cover, grassy ecosystems, and built-up
areas. The analysis of sector diagrams indicates a signifi-
cant share of fires within urban areas, particularly in the
vicinity of Kherson, which may be related to heavy shell-
ing, arson and destruction of critical infrastructure fa-
cilities. At the same time, high fire activity continues on
agricultural lands, indicating the complex nature of fire
processes — both in natural and transformed landscapes.

In 2024 (Fig. 11), there was a consistently high density
of fire activity, with maximum values ranging from 53.5 to
59.4 cases per 100 km? in the Kherson district and 45.7 to
53.4 in the Beryslav district. An increase in density was
also recorded in the northern part of the Oleshkiv district.
The spatial picture indicates further spread of fires in areas
with forest cover and built-up areas, which may be associ-
ated with repeated shelling, mining of the terrain, and the
aftermath of hostilities. Compared to previous years, there
was a gradual spread of new fires within already affected
areas, as well as continued significant impact on agricul-
tural and grassland areas. The structure of fires by land
use type remains complex and indicates the multifactorial
nature of the impact of military operations on the land-
scape and ecological system of the region.

The overall results indicate a clear relationship be-
tween the dynamics of hostilities and the expansion of

fire zones, which can be traced in both temporal and
spatial dimensions. As the military conflict intensified,
fire activity spread to new areas that had previously been
relatively resistant to fire. This led to an increase in fire
intensity in vulnerable ecosystems such as forests, wet-
lands, and urban areas.

In 2023—2024, there was not only an increase in the
density of fires, but also a significant transformation of
the structure of land use that was affected. In 2021, fires
were mainly recorded on agricultural lands, while in
subsequent years a significant proportion of fires oc-
curred in natural and anthropogenically altered land-
scapes, indicating the systemic nature of environmental
pressure. In some areas, particularly Kherson and
Beryslav, fire density reached critical levels.

Spatial distribution analysis allows identifying prior-
ity areas for further monitoring and targeted manage-
ment. These are primarily forests, pastures and urban-
ized areas, where the highest concentration of fires or a
dynamic increase in their number was recorded. The
results obtained can serve as the basis for developing res-
toration programs, ecological zoning and preventing en-
vironmental degradation in the post-conflict period.

Conclusions. As a result of the study, the goal was
achieved — an automated fire activity monitoring system
was developed and tested using satellite data, geoinfor-
mation technologies, and Python programming. The
proposed approach integrates remote sensing methods,
classification raster layers, spatial analysis and SQL que-
ries in the QGIS environment, which allowed for rapid
recording and visualization of the dynamics of changes.

Our study continues the line of interdisciplinary re-
search aimed at automating the creation of cartographic
models of the ecological state, and is relevant in the
context of military pressure on natural territories.

It has been found that in 2022—2024, the number of
recorded fires in the Kherson region increased signifi-
cantly compared to 2021 in all types of land cover:

- in forest areas — 18 times;

- in wetlands — 7 times;

- in natural grasslands — 5 times;

- in built-up areas — 4 times.

Spatial analysis of fire density revealed the most af-
fected areas: Kherson, Beryslav, and Skadovsk, with a
noticeable concentration in forest lands and urbanized
areas. These changes clearly correlate with the intensity
of hostilities in the respective territories.

The study confirmed the effectiveness of satellite
monitoring as a tool for identifying the environmental
consequences of military conflicts. In particular:

1. FIRMS data provide rapid detection of fire out-
breaks.

2. ESA WorldCover data allow classifying the af-
fected ecosystem types.

The combination of these sources allows one not
only to assess the extent of damage, but also to form a
basis for planning measures to restore ecosystems in the
post-conflict period.

The results obtained have significant practical appli-
cation potential. They can be used by government agen-
cies, environmental monitoring services, rescue units, as
well as in developing strategies for the restoration of the
natural environment. The collected spatial data can
serve as a basis for risk-based planning, specifying the
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boundaries of priority demining, developing emergency
response plans, optimizing ecological zoning and pre-
venting secondary damage to landscapes.

Further research could focus on several key areas:

- creation of a national GIS database for environ-
mental monitoring for regions adjacent to the front line,
as well as temporarily occupied territories;

- analysis of changes within the nature reserve fund,
including assessment of the impact of fires on protected
ecosystems;

- comparative use of various satellite platforms, in
particular data from Landsat, PlanetScope, WorldView,
Sentinel-3 and other satellites, which will improve the
accuracy and detail of the analysis;

- integration of landscape degradation indices and
ecosystem vulnerability models to assess long-term en-
vironmental impacts.

Thus, the results obtained could not only serve as an
example of a successful application of GIS and remote
sensing in the context of military impact, but also form
the basis for further systematic research on monitoring,
environmental assessment, and restoration of affected
areas in Ukraine.
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I'C-oninka BIIMBY MOXKeXK Ha JanmmadgTu
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Meta. Po3poOjieHHSI METOOMKM MOHITOPUHTY
TpaHcdopMauii JaHamadTiB Mif BIUIMBOM TTOXEX i3
BUKOPUCTAHHSIM CYITyTHUKOBMX TaHUX, MOBU MpOrpa-
MyBaHH$ Python i reoingopmaniitnux cucteM (QGIS)
Ha mipukiani XepcoHcbKoi objacti. OcHOBHaA yBara
npuiijieHa IIPOCTOPOBIN JoKajli3alil ocepelkiB 3a-
MMaHHS, aHaJli3y JUHAMIKM 3MiH y CTPYKTYpi 3eMJIeKO-
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PUCTYBaHHSI 1 BUSIBJIEHHIO €KOCHCTEM, IO 3a3HaJIU
HaOIbIIOTO BIUIMBY.

Mertomuka. Y IOCHTiIKEHHI BUKOPUCTaHI METOIU
JUCTAHUIMHOTO 30HAYBaHHS 3eMJIi ISl BUSIBJIEHHS
1 mpOCTOPOBO-YacoBoi (pikcallii TEIIOBUX aHOMAJii
i 3MiH y 3¢eMHOMY TMOKPHBI, reoiHdopMaliitHi MeToau
JUJISI iHTerpallii BEKTOPHMX i paCTPOBUX JaHUX, [TPOCTO-
pPOBOro MOEAHAHHS IIapiB i Kiracuikalii 3eMIeKo-
PUCTYBaHHS, a TAKOX MAaTEMAaTUYHi i CTATUCTUYHI Me-
TOOM, 30KpeMa HOPMYBaHHSI ITOKAa3HWKIB IHTCHCHUB-
HOCTI TTOXEeX BiTHOCHO TUIOINII aAMiHiCTpaTUBHUX pa-
OHIB Ta aHaJi3 iXHbOI AMHaMiKu. JIJs1 3a06e3neyeHHs
BiITBOPIOBAHOCTI PO3paxyHKiB i aBTOMaTU3allii aHaIi-
TUYHUX TTPOLIEAYP 3aCTOCOBAHI METOIM KOMIT' IOTEPHOTO
MOJIETIOBaHHS i3 BUKOPUCTAaHHSIM MOBU IpPOIrpamy-
BaHHs Python ta SQL-3anuTiB.

Pe3ynbTaTu. PeanizoBaHo aBTOMaTH30BaHUM TiaXin
JI0 MPOCTOPOBOI iHTEPIIpeTallil MOXEeXXKHOI aKTUBHOCTI
i3 Kiacuikalielo 3a TUMaAMM yrigb. 3a TIepiof
2021—2024 pokiB BUSIBJICHE CYTTEBE 3POCTAHHS KiJlb-
KOCTi ToxXexX, ocodmmBo y 2022—2024 poxax. Haii-
OibLI Bpa3aMBUMU BUSIBUJIMCS JIiCOBI MaCUBU, BOIHO-
0OJIOTHI yrinas ¥ yp6aHizoBaHi Teputopii. CTBOpeHO
Habip kaprorpadiuyHux MaTepiaaiB, 110 BiZoOpaxkaloTb
IIJIBHICTh TOXEX 3a aAMiHICTpaTUBHUMM palioHAMU
3 ypaxyBaHHSIM TUIIiB 3eMJeKOpuUcTyBaHHs. [IpocTo-
POBUI1 aHaMi3 MiATBEPAUB 3B’SI30K MixK OOMOBUMMU [isI-

MU Ta 3pOCTaHHSIM IHTEHCHUBHOCTI MOXeX Ha Pi3HUX
JaHamadgTax.

HaykoBa HoBu3Ha. Po3po0yieHa MeToarKa aBTOMa-
TU30BAaHOTO MOHITOPMHTY MOXEXHOI aKTMBHOCTI, 110
MOEAHY€E BinkpuTi cynyTHuKoBi mxepena (FIRMS,
ESA), I'C-inctpymenTu (QGIS), moBy Python i po-
CTOpPOBE HOPMYBaHHSI. YTieplle 3anporoOHOBAHO Mif-
Xil, 1110 J03BOJISIE OLIHIOBATA AWHAMIKY 3MiH y JIaH]I-
magrax perioHy BHaC/IiIOK MOXKeX, yPaXOBYKOUYU KaTe-
ropii  3eMJIEKOPUCTYBaHHSI, aAMiHICTpaTMBHi MeXi
M IIJIbHICTh 3aiiMaHHs. MeTonuka npyuaaTHa 1is peri-
OHAJIBHOTO E€KOJIOTIYHOTO 30HYBAaHHSI Ta ITOHAIBIINX
CHCTEMHMX JOCITiIKEHb.

IIpakTuuna 3HaunmMicTh. OTpUMaHi pe3yabTaTu MO-
XKyTb OyTM BUKOPMCTaHi JJIs1 MOHITOPUHTY €KOJIOTiu-
HUX HacJiAKiB OoiloBux miit, (hopMyBaHHSI CTpaTerii
MTiCASIBOEHHOTO BiIHOBJIEHHS, TIJIaHYBaHHS TIPUPOIO-
OXOPOHHMX 3aXOMiB, YTOUHEHHS IIPIOPUTETHUX TEPU-
TOpIN 11 pO3MiHYBaHHS 1 OLIIHKM PU3UKIB IS HAce-
JieHHs1. Meronuka 3abe3nedyye MaclTabOBaHICTb,
aJanTUBHICTh 1 MOXKJIMBICTG ii 3aCTOCYBaHHSI B iHIIIMX
perioHax.

Kmouosi cioBa: noocesci; oucmanyiiihe 30H0Y8aHHS
3emai, eeoinghopmauitini cucmemu, AAHOWMAPMHI 3MIHU,
cynymuukosi dani, Python, QGIS, Xepcoucvia obaacmo
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