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Abstract 

The article presents a methodology for analyzing the destruction of buildings caused by Russian military 

aggression against Ukraine based on multi-temporal remote sensing (RS) data. The study aims to assess the 

scale of destruction using satellite imagery, geoinformation technologies, and automated data processing 

algorithms. The research consists of two analytical case studies. The first case examines the destruction of 

buildings in Moshchun (Kyiv region) by comparing satellite images taken before and after the full-scale 

invasion. To improve the accuracy of damage assessment, the analysis results were verified using aerial 

imagery obtained after the de-occupation of the area. It was determined that the number of destroyed or 

damaged buildings in the village due to hostilities amounted to 663, of which 590 were completely destroyed. 

The second case focuses on determining the extent of building destruction in Mariupol by comparing multi-

temporal satellite images with vector building layers that reflect the state of urban development before the onset 

of hostilities. The analysis was conducted using image processing algorithms and geospatial analysis 

implemented in the Python environment. It was established that during the full-scale invasion, 8,349 buildings 

were destroyed, including 2,013 multi-story buildings, of which 934 were completely demolished. 
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1. Introduction 

Successful operation of many orbital systems 

conducting space surveying in various ranges of the 

electromagnetic spectrum allows for continuous 

monitoring of processes occurring on the Earth's 

surface. Timely detection of changes is one of the 

most important tasks of this observation. In a number 

of tasks related to the observation of specific objects 

from satellites, there is a need to analyze their 

dynamics. Especially often, such tasks arise during 

the study of various objects of human activity and the 

analysis of their impact on the environment. 

Sometimes this effect can be so imperceptible that it 

becomes possible to detect changes only after a long 

visual analysis of the images. In order to reduce the 

complexity of such work and to reduce the number of 

omissions of changed areas, special image processing 

algorithms are needed, which allow the selection of 

change areas in relation to image sequences [1]. The 

primary challenges in detecting differences (areas of 

change) in satellite images of the same region taken 

at different times are mainly due to varying survey 

conditions, which can result in differences between 

the images.  
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These differences may include variations in spatial 

resolution (due to the use of different devices or 

scanning angles), color characteristics (due to 

different devices or lighting conditions), slight 

discrepancies in referencing (due to surveys from 

different spacecraft), changes in perspectives (due to 

different surveying angles), and differences in 

shadows (due to the Sun’s position). Change 

Detection, which involves identifying areas of 

change in multiple images of the same area, is used 

to monitor and analyze spatial changes over time. 

This process aims to detect new objects, determine 

the disappearance of objects, and analyze the changes 

in objects over time [2] and [3]. 

On February 24, 2022 Russian Federation started 

a new stage of the eight-year war against Ukraine a 

full-scale offensive. The enemy carries out massive 

shelling and bombing of peaceful Ukrainian cities 

and villages. The Cabinet of Ministers made changes 

to the Procedures for the execution of urgent works 

related to the damage to buildings and structures and 

the determination of damage and losses caused to 

Ukraine as a result of the armed aggression of the 

Russian Federation. The relevant resolution project 

was adopted at the Government's regular meeting on 

June 14, leading to proposed changes that include 

recording damage caused by the Russian Federation's 

armed aggression to buildings and structures of both 

private, communal, and state ownership, conducting 

inspections of damaged objects through authorized 

bodies via commission or technical inspections, 

specifying the areas where damage and losses to 

housing funds, housing and communal services, and 

public buildings are recognized, and establishing the 

form and content of the commission examination 

report. 

The aim of the work is to analyze building 

destruction as a consequence of military actions 

based on multi-temporal remote sensing data in order 

to assess the scale of damage and its impact on urban 

infrastructure in the village of Moschun and the city 

of Mariupol, Ukraine. The study is focused on 

identifying changes in building structures before and 

after military actions through the use of modern 

satellite image processing methods and 

geoinformation systems. The work involves 

conducting a comparative analysis of building 

conditions over different time periods, which makes 

it possible to identify areas of maximum destruction, 

determine the extent of damage to objects, and assess 

the dynamics of changes in the urban environment. 

The research results can be used for planning 

recovery measures, optimizing urban management, 

and supporting humanitarian programs aimed at 

restoring residential infrastructure. 

It should be noted that the problem of obtaining 

differential indicators from space images or aerial 

photography data with the help of semi-automatic 

modules or programs was dealt with by many 

scientists both from Ukraine and abroad [4] and [5]. 

Among Ukrainian scientists who were engaged in 

obtaining differential indicators based on the Remote 

Sensing data, the topic of destruction due to natural 

disasters or cataclysms was considered mainly [6] 

and [7]. Among the latest studies of foreign scientists 

regarding differential indicators, the main attention is 

also paid to the change of forest cover, rivers, etc. [8] 

and [9]. Among the scientific works on this topic of 

the last decade, it is necessary to note the works [10] 

and [11], which consider the methods of automatic 

selection of contours of buildings on space images of 

high spatial resolution. Also, the algorithms for 

highlighting buildings on space images are described 

in the works of groups of authors [12][13][14][15] 

and [16]. Methods of object selection in space images 

using machine vision and artificial intelligence are 

discussed in articles [17] and [18]. The technology of 

applying semantic segmentation methods for the 

selection of objects on space images is considered in 

works [19] and [20]. 

The methodology of remote sensing change 

detection and monitoring has been widely reported in 

the research presented in [21]. The present review has 

assorted the detection approaches and drawn many 

useful conclusions. Based on the former 

classification methods, this article classifies change 

detection methods from its essence into seven groups, 

including direct comparison, classification, object-

oriented method, model method, time-series analysis, 

visual analysis and hybrid methods. Authors discuss 

the effect and methods of geometric correction and 

radiometric correction in pre-processing. Relating to 

accuracy assessment, this paper summarize the 

present methods of exterior and interior check and 

emphasis on that how to get the ground truth. 

The challenges that the change detection is 

currently facing and possible counter measures are 

also discussed. An automated method of measuring 

destruction in high-resolution satellite images is 

introduced in [22], where the authors apply deep-

learning techniques combined with label 

augmentation and spatial and temporal smoothing to 

leverage the spatial and temporal structure of 

destruction. As a proof of concept, they apply this 

method to the Syrian civil war and reconstruct the 

evolution of damage in major cities across the 

country.  
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This approach allows generating destruction data 

with unprecedented scope, resolution, and frequency 

and makes use of the ever-higher frequency at which 

satellite imagery becomes available. A timely review 

of remote sensing applications for monitoring war-

related environmental impacts is presented in [23], 

reflecting the rapidly growing number of publications 

in recent years. The paper's main objective is to locate 

the papers and find geographic link, sensor use, and 

environmental degradation type. Following a 

discussion of remote sensing's capabilities, this 

overview illustrates numerous environmental 

damages caused by military operations in various 

world places. This study found that wars have a 

detrimental influence on the ecosystem across the 

world, with major reasons being forest loss, oil spills, 

and urban growth. According to the findings, remote 

sensing, particularly middle-resolution satellite 

images, is extensively and successfully employed for 

environmental security monitoring. 

An analysis of how geospatial technology could 

have been applied to reduce the impact of the 

Ammonium Nitrate explosion in Beirut is provided 

in [24]. Firstly, the disaster impacts on the build-up 

area were demarcated using Google Earth-based 

survey, Remote Sensing, and ArcGIS applications. 

According to the analysis, it was identified that the 

Ammonium Nitrate detonation incident in the Beirut 

port has extensively damaged the built-up area within 

a 2 km buffer zone from the explosion. Among them, 

fully demolished constructions are bounded to a 1 km 

buffer area while partially damage and less damage 

to buildings were encompassed within 5 km from the 

epicenter of the incident. The Quantity Distance 

Mapping Tool results depicted more as similar results 

to the results obtained through the aforementioned 

geospatial techniques in post-disaster impact 

analysis. Therefore, proper planning to locate built-

up areas considering vulnerable places away from the 

possible disaster-induced location utilizing spatial 

techniques like Quantity Distance Mapping Tool 

would be more effective in pre-disaster preparedness 

as we all live in a hidden catastrophic environment. 

Thus, lessons learned from this Ammonium Nitrate 

detonation incident of the Beirut city, especially the 

importance of risk assessment and adherence to 

precaution measures are needed in any chemical 

operation sites as well as chemical storing sites. 

Taking into account all of the above, it is necessary 

to find effective operational methods of calculating 

the damage and destruction caused by Russian 

aggression. Our proposed method of determining 

destruction based on multi-temporal space images is 

quite inexpensive in terms of time and money 

[25][26] and [27]. 

2. Study Area 

In this study, we examine two research sites, namely: 

the village of Moshchun (Figure 1(a)) in the Kyiv 

region and the city of Mariupol (Figure 1(b)). The 

first site was occupied by Russian forces in 2022 and 

suffered significant infrastructure destruction. The 

second research site is the city of Mariupol, which 

has been under Russian occupation since 2022 and 

remains so to this day. The majority of the city's 

buildings were destroyed during the hostilities, 

especially multi-story residential buildings, which 

are beyond restoration.  

The village of Moshchun is located in the Kyiv 

region, in the Bucha district, approximately 20 km 

northwest of the center of Kyiv. It is situated near the 

Irpin River, which serves as a natural boundary 

between Kyiv and its northern suburbs. Before 

Russia's full-scale invasion of Ukraine in 2022, 

Moshchun had an official population of about 850 

people, though the actual number of residents was 

around 2,000, including those with Kyiv registration. 

The area surrounding Moshchun is predominantly 

flat with slight elevations. The village is located 

within the Polissia Lowland, which is characterized 

by sandy soils, marshy areas, and significant forest 

cover. Sandy and sandy-loam soils with low fertility 

dominate the region, which is typical for Polissia. 

The primary natural landscapes consist of mixed 

forests, including pine, oak, birch, and alder trees. A 

significant portion of the area is covered by forests, 

contributing to its recreational potential. Near 

Moshchun, there are large forested areas that are part 

of the Kyiv Polissia ecosystem. This territory is rich 

in rare species of flora and fauna typical of mixed 

forests. 

Mariupol is a port city located in southeastern 

Ukraine, in the Donetsk region, on the coast of the 

Azov Sea. It is situated approximately 100 km south 

of Donetsk and serves as an important industrial and 

transportation hub of the region. Before Russia's full-

scale invasion of Ukraine in 2022, Mariupol had a 

population of about 430,000 people. However, due to 

hostilities, massive destruction, and a humanitarian 

catastrophe, the majority of residents were forced to 

leave the city. Mariupol is located within the Azov 

Upland, which gradually slopes down to the coast of 

the Azov Sea. The city's terrain is undulating, with 

elevation changes forming ravines and gullies, 

especially in the northern part.  The natural 

vegetation is represented by steppe ecosystems, 

although significant areas are occupied by urban 

greenery, parks, and tree plantations, including 

acacia, poplar, and chestnut trees.  
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(a)                                                                            (b) 
 

Figure 1: Schematic location of the two research sites: 

(a) the village of Moshchun; (b) the city of Mariupol 

 

Until 2022, Mariupol was one of Ukraine’s largest 

industrial centers, which had a significant impact on 

the local environment. The main sources of pollution 

were metallurgical plants, particularly Azovstal and 

the Ilyich Iron and Steel Works. 

 

3. Materials and Methods  

3.1 Methodology for Detecting Building Destruction 

in Moshchun Village, Kyiv Region 

The purpose of the conducted research is to analyze 

the destruction of the infrastructure of the village of 

Moshchun as a result of the Russian occupation based 

on multi-temporal space images using a semi-

automatic method in the DeltaCue module of the 

Erdas Imagine program. The object of our research in 

this paper is the infrastructure of the village of 

Moshchun near Kyiv, which was destroyed as a result 

of the partial occupation by the Russian Federation of 

the Kyiv region in the spring of 2022. The count of 

destroyed buildings was carried out based on space 

images from different times. 
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Figure 2: Maxar space satellite imagery: (a) 27/04/2020 (b) 11/05/2022 

 

The input data for the research were: a space image 

of the territory of the Moshchun village near Kyiv, 

obtained in 27.04.2020 from Maxar space satellites 

(Figure 2(a)); space image obtained from Maxar 

satellites in 11.05.2022, after the partial occupation 

of Kyiv region (Figure 2(b)). Both images had a 

spatial resolution 0.3 m, and were saved in GeoTIFF 

format and transformed into the Latitude/Longitude-

WGS84 projection and coordinate system. The 

implementation of the semi-automatic determination 

method of the destruction of buildings was carried 

out in the DeltaCue module. Unlike many other 

similar programs, which use only the raster 

subtraction function to obtain the difference index 

(namely, based on the geometric characteristics of 

objects), the DeltaCue module performs filtering 

according to three possible filters: spectral 

segmentation; incorrect registration of pixels of a pair 

of images; spatial filtering. The Imagine DeltaCue 

change detection module, operating in the ERDAS 

Imagine environment, is designed to significantly 

reduce the volume and complexity of work on the 

analysis of multi-temporal space images and is able 

to satisfy the requirements of both a novice and an 

experienced expert in the field of data processing. 

Data processing and analysis in ERDAS Imagine 

DeltaCue is structured as projects that follow a 

specific sequence of steps, including preliminary 

processing, change detection, filtering of detected 

changes, and the display and analysis of those 

changes.  

 

(a) 

(b) 
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Automated pre-processing procedures, combined 

powerful algorithms for evaluating changes, flexible 

tool settings aimed at highlighting objects of interest 

- all this makes the ERDAS Imagine DeltaCue 

module an important link in the chain of Remote 

Sensing data processing. A set of customizable 

ERDAS Imagine DeltaCue data preprocessing 

procedures provides the ability to search for areas of 

change both throughout the image field and at well-

defined points in space for more detailed analysis. 

The interface of the special viewer of work results 

in this module - Change Viewer, is built in such a way 

that the user can analyze changes based on snapshots 

from different times with the involvement of 

additional data in various formats, as well as save the 

analysis results directly to the geodata base. ERDAS 

Imagine DeltaCue simplifies the process of detecting 

changes in multi-temporal images and gives the user 

the ability to quickly move from image to 

information. In addition, the selection of data for 

conversion into a shapefile can be precisely 

controlled by analyzing the data before and after 

comparison, as well as by examining the transition 

pixels.  The primary features of the module's 

workflow can be outlined as follows. The process is 

structured as a step-by-step "wizard," which 

facilitates the configuration of processing parameters 

and the definition of the area of interest within the 

image. All settings related to the processing 

workflow, image parameters, and algorithm 

configurations are stored within the project file. The 

algorithms used for change detection include 

difference magnitude calculation, Tasseled Cap 

transformation, RGB color space transformation, and 

single-channel image analysis. The threshold values 

for change detection can be adjusted manually or 

automatically calculated by the system, optimizing 

processing time while allowing for operator 

intervention when necessary [28][29] and [30].  

ERDAS Imagine DeltaCue incorporates a range 

of filters for refining the results of change detection, 

including spectral filters, spatial filters, and filters 

based on object types. Additionally, a specialized 

filter has been designed to minimize classification 

errors resulting from the misalignment of 

overlapping images. During the module’s operation, 

automatic normalization of radiometric 

characteristics is performed to mitigate the impact of 

cloud cover and shadows. The integrated viewer 

within the DeltaCue interface provides 

geographically linked zones for simultaneous 

visualization of multi-temporal data. Furthermore, 

ERDAS Imagine DeltaCue enables the export of 

processed image data in the ESRI shapefile format. 

To display changes, the following methods are used 

for data packets: 

 

The image subtraction is defined in Equation 1: 

 

R = A - BA 

Equation 1 

 

Where: A original image, R is the result, is the 

original image (against which changes are detected), 

BA is the image with changes 

 

The image division is defined in Equation 2 

A

A
R

B
=  

Equation 2 

 

Principal Components is defined in Equation 3: 

 

R = PC2A (A - SA) + PC2B (BA - SBA) 

Equation 3 

 

Where: A original image, PC2A is the second 

principal component multiplier for image A, PC2B is 

the second principal component multiplier for BA, SA 

is the mean brightness of A, SB is the mean brightness 

of BA. 

The next step after data transformation involves 

classifying the Borodyansky district image using the 

OpenCV computer vision library, which is divided 

into three main stages: image recognition, 

visualization, and export of results. To configure 

decision trees and validate the obtained results, 

information about damaged areas is necessary. For 

this purpose, pixel-wise operations are performed. 

The next step involves image recognition through its 

classification using an ensemble of decision trees. 

Further, image post-processing is carried out. 

Mathematical morphology operations are used to 

correctly recognize adjacent pixels of damaged areas 

[31][32][33] and [34]. 

 

3.2 Methodology for Detecting Building Destruction  

      in Mariupol 

Figure 3 presents the technological scheme for 

analyzing building destruction in the city of Mariupol 

based on multi-temporal satellite images and 

OpenStreetMap data. As input data, synthesized 

multi-temporal high-resolution satellite images of the 

city of Mariupol in RGB mode from Maxar satellites 

were obtained using the online service SASPlanet. 

Satellite images were acquired in 2020 and 2022, 

before and after the full-scale invasion (Figure 4). 
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Figure 3: Technological diagram of the analysis of building destructions in the city of Mariupol based  

on multi-temporal satellite images and OpenStreet Map data 

 

    
(а)                                                                                          (b) 

 

Figure 4: RGB satellite images of the city of Mariupol, acquired from the Maxar satellite: (a) 2020; (b) 2022 

 

The use of different data sources is due to the fact that 

Moshchun was de-occupied in 2022, which allowed 

for UAV aerial imaging and a visual assessment of 

the accuracy of the conducted research. In contrast, 

the destruction in Mariupol was studied solely 

through remote sensing, as the city remains under 

occupation, making physical access impossible. 

Since Mariupol is significantly larger than 

Moshchun, OSM data was used to obtain information 

on buildings before the destruction, simplifying the 

process of calculating the percentage of damage. The 

next step, for further comparison of the obtained data, 

was the need for reference information in the form of 

a vector layer of buildings before the full-scale 

invasion, that is, before the destructions.  

For this, we used the Open Street Map (OSM) service 

(Figure 5). The data processing demonstrated was 

carried out using QGIS software. This open-source 

software has extensive functionality and is free of 

charge. 

The building layer overlaid on the satellite 

imagery of Mariupol city in 2022 displays in Figure 

6. After preparing all the input data, we analyzed the 

satellite images in 2020 and 2022 using the Change 

Detection module. As a result of these actions, a 

raster layer was obtained with difference indicators 

for all objects between the two satellite images, 

which also contained some false noise [35]. For 

convenience in further processing of these data, the 

objects were saved in a vector shapefile.  

 

 

Analysis of Input Data 

Determination of changes 

in buildings in Mariupol 

using RGB satellite images 

at different times using a 

semi-automatic method 

 

Export difference data to 

vector format 

 

Import building vector layer 

data from OpenStreetMap 

 

Comparing destruction data 

with a vector layer of 

buildings from 

OpenStreetMap 

 

Analysis of the results 

obtained 
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Figure 5: Vector layer of all buildings in the city of Mariupol before the full-scale invasion 
 

 
 

Figure 6: Vector layer of all buildings in the city of Mariupol on the 2022 satellite image 

 

After that, the objects were classified by the field in 

the database 'type' into 18 classes, which were 

colored differently, with a total of 27,489,328 

objects. By overlaying this data on the satellite 

image, we determined which color belonged to the 

building class, and all other objects were deleted. In 

this way, we obtained a vector layer with the building 

destructions caused by Russian aggression in 2022. 

Figure 7(a) shows the separate vector layer of 

building destructions obtained from multi-temporal 

satellite images, while Figure 7(b) shows the vector 

layer of destructions overlaid on the satellite image 

of Mariupol as of 2022.  
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(a)                                                                                      (b) 

Figure 7: Vector layer of building destructions as a result of Russian aggression, obtained from multi-temporal 

satellite images: (a) separate vector layer of building destructions obtained from multi-temporal satellite images; 

(b) vector layer of destructions overlaid on the satellite image of Mariupol as of 2022 

 

 
 

Figure 8: Vector layer of building destructions as a result of Russian aggression,  

overlaid on the building data from OSM 

 

After filtering the difference indicators, there were 

still many vector objects located outside the building 

areas according to the OSM data. Initially, we 

perceived this as an error, but upon closer inspection 

of these data on the 2022 satellite image, it became 

clear that these objects represented the actual 

destructions of high-rise buildings. 

Figure 8 shows an enlarged fragment of the city's 

private sector with the vector layer of buildings from 

OSM before the full-scale invasion and the vector 

layer of destructions. As seen in the figure, multiple 

difference indicator objects correspond to each 

house, which indicates partial destructions across the 

entire built-up area. Since multiple destruction 

objects correspond to each building, their total 

number does not match the total number of buildings. 

The task was set to create an additional script in 

PyQGIS for data analysis. To analyze two polygonal 

vector layers in QGIS and calculate the percentage of 

polygons from one layer relative to the polygons of 

the other layer, PyQGIS the Python API for QGIS 

was used.  
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Figure 9: Execution of the script we wrote for analyzing two polygonal vector layers in QGIS and calculating 

the percentage of polygons from one layer relative to the polygons of the other layer 

 

This code was executed in the QGIS Python Console. 

Figure 9 shows the execution of this code in QGIS. 

Additionally, in the fragment of the vector layers 

overlay, one can see what we mentioned earlier 

regarding the destroyed high-rise buildings, the 

elements of which are located next to the former 

building. The script performs the following actions: 

it loads two polygonal layers from shapefile files, 

verifies if the layers were successfully loaded, and 

adds them to the current QGIS project. It then creates 

a spatial index for the second layer to speed up the 

search, iterates through all polygons in the first layer 

to check for intersections with polygons in the second 

layer, counts how many polygons from the second 

layer are contained within each polygon of the first 

layer, calculates the percentage of intersecting 

polygons relative to the total number of polygons in 

the first layer, and finally outputs the analysis results. 

According to the OSM map before the full-scale 

invasion of the Russian Federation, there were 

56,680 buildings within the city of Mariupol. During 

the full-scale invasion, according to the difference 

indicators from satellite images, 8,349 buildings 

were destroyed, of which 2,013 were high-rise 

buildings, and 934 of these were completely 

destroyed. 

 

 

 

 

4. Results and Discussions 

4.1 Detection of Building Destruction in Moshchun  

     Village, Kyiv Region 

As a result of loading space images into the viewer of 

the DeltaCue module, a visual comparison of the 

images can be conducted, as they are spatially 

referenced within the viewer. When manipulations 

such as enlargement, reduction, or movement are 

performed on one image, the same actions are 

automatically applied to the other. The extent of 

destruction caused by the Russian occupation is 

clearly observable. Fragments of enlarged images 

before and after the occupation are presented in 

Figure 10. Since the satellite image dated 27/04/2020 

was obtained in early 2022, there was a restriction on 

publishing high-resolution geospatial data over the 

territory of Ukraine due to security concerns, and the 

resolution of the image was intentionally reduced. As 

an experiment, we first implemented changes 

detection in space images using two groups of filters: 

spectral segmentation and misregistration of pixels of 

a pair of images. During implementation the spatial 

filtering was inactive. Seven iterations of image 

filtering were carried out. After that, at the 8th 

iteration the deterioration of results was already 

observed.  
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(a) 

 
(b) 

Figure 10: Enlarged fragments of space images of Moshchun village:  

(a) before the occupation, (b) after the occupation 
 

 
 

Figure 11: Unsatisfactory difference indicators of destruction were obtained after  

applying two groups of filters of space images 

 

The resulting difference indicators contain a lot of 

noise, false data (roads, because the pictures were 

taken in different weather conditions), moving 

objects (cars, etc.), which give an unsatisfactory 

result (Figure 11). In the next stage, change detection 

was carried out by applying all filters, including a 

spatial filter that calculates several geometric 

properties based on the outline [36]. These properties 

include area, length of the main axis, length of minor 

axes, compactness, and elongation. For our study, the 

geometric properties used were area, compactness, 

and elongation. 
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Figure 12: Vector layer of destroyed buildings in the village of Moshchun  

after the Russian occupation 
 

 
 

Figure 13: Diagram of the ratio of the degree of buildings destruction 

 

As a result of using 6 iterations in the DeltaCue 

module, a vector layer with detected changes in 

multi-temporal images is created. The vector layer 

was refined manually. Needless erroneous data, 

objects of buildings that were built after 2020, 

moving objects (cars, etc.), foundations of buildings 

that were not built were removed. The determined 

total number of destroyed objects is 663 buildings 

(Figure 12). Of these, 590 buildings were completely 

destroyed up to the foundation or up to the walls, 73 

buildings were partially damaged or partially 

destroyed. The total projected area of destroyed 

objects is 55449m2 (Figure 13). Obtaining data 

compared to on-site inspection of the settlement after 

the territory's de-occupation. After calculation, a 

100% match was found in the number of destroyed 

objects, with the only difference being in the analysis 

of the degree of destruction. During the on-site 

inspection of the settlement, 6 buildings that were 

considered 100% destroyed in the software 

calculation were found to be partially damaged and 

eligible for restoration. Verification of the accuracy 

of obtained data on building destruction is a key task 

that can be addressed through the use of temporally 

diverse satellite imagery and orthophotoplans 

acquired from unmanned aerial vehicles (UAVs) 

following the completion of combat operations.  
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Figure 14: The orthophoto plan was constructed from aerial images obtained with the UAV DJI 

Phantom2RTK after the de-occupation of Moshchun 
 

    
 

Figure 15: Enlarged fragments of the orthophoto plan showing the scale of destruction to civilian structures 

 

Analysis of satellite images conducted at various 

time intervals after the cessation of hostilities 

provides the opportunity to detect and identify 

changes in the structure of buildings, their condition, 

and the extent of destruction. Orthophotoplans, 

generated using UAVs, enable the acquisition of 

high-quality geospatial images, facilitating precise 

analysis of objects and their condition. This method 

allows for the effective utilization of the acquired 

data in developing strategies for the restoration and 

reconstruction of damaged objects. Thus, the use of 

orthophotoplans obtained from UAVs after combat 

operations becomes a necessary and efficient tool for 

verifying the accuracy and analyzing the destruction 

of buildings. This approach is defined by the 

importance of timeliness and accuracy of the 

obtained data in the context of recovery and 

reconstruction efforts following conflicts and natural 

disasters. As a reference material, an orthophoto plan 

of the village Moshchun was utilized, constructed 

from aerial images obtained with the UAV DJI 

Phantom2RTK on July 14, 2022, after the de-

occupation (Figure 14). The aerial survey was 

conducted at an altitude of 150 meters, resulting in 

467 aerial images. The calculation of damaged 

buildings was carried out manually, zooming in on 

the orthophoto plan for maximum clarity in 

interpretation (Figure 15).  The determined total 

number of destroyed objects from the orthophoto 

plan is 665 buildings, which is two destroyed 

buildings more than those automatically identified 

through satellite imagery.  
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Figure 16: Building destructions in the city of Mariupol as a result of Russian aggression 

 

This discrepancy is attributed to minor damages in 

two buildings that were not clearly interpreted due to 

the spatial resolution of the satellite images. Among 

them, 590 buildings were completely destroyed down 

to the foundation or walls, while 73 buildings were 

partially damaged or partially destroyed, aligning 

with a 99.70% match with the figures obtained in 

automatic mode. 

 

4.2 Detection of Building Destruction in Mariupol 

To determine the percentage of destruction, 

algorithms were used to compare classified 

destruction data stored in a vector file with the vector 

layer of buildings before the occupation and 

destruction of objects. Specifically, the area of 

destruction was compared to the total area of the 

object, and the percentage of destruction was 

calculated. Figure 16 shows the number of destroyed 

buildings in the city of Mariupol according to the 

proposed grading: buildings destroyed from 0 to 25 

percent, buildings destroyed from 25 to 50 percent, 

buildings destroyed from 50 to 75 percent, buildings 

destroyed from 75 to 100 percent, and buildings 

completely destroyed. 

 

5. Recommendations 

Currently, in Ukraine, GIS and remote sensing 

experts are studying various methods of automatic or 

semi-automatic processing of aerial and space images 

with purpose of the fastest obtaining the resulting 

data on the damage to one or another settlement as a 

result of Russian aggression after their liberation 

from occupation. In addition, the smallest economic 

component of obtaining the necessary data is also 

taken into account. Experts process images using 

different methods in different software (ArcGIS, 

ENVI, QGIS, Erdas, etc.).  

The method proposed in this paper, in our opinion, is 

one of the most effective, since the results are 

obtained by a semi-automatic method in a fairly short 

period of time (it took us 2 weeks to obtain the final 

results, including research works, applying different 

filtering capabilities). The method does not take into 

account the area of vertical damage, so it can be 

considered only preliminary for obtaining 

operational information about destructions, and not 

for calculating economic losses. 

 

6. Discussions 

Validation of the obtained results was conducted 

through a combination of independent data sources 

and ground-truth comparisons. In Moshchun, direct 

UAV imaging allowed for an on-site verification of 

the accuracy of detected damages, confirming that 

the satellite-based approach successfully captured 

large-scale destruction patterns. The alignment 

between UAV and satellite results supports the 

reliability of the proposed method in areas where 

UAV surveys are not feasible. In Mariupol, 

validation was conducted by cross-referencing 

destruction estimates with OpenStreetMap (OSM) 

data and pre-war building records. Given that 

physical access to Mariupol remains restricted due to 

the ongoing occupation, remote sensing remains the 

primary tool for assessing destruction. The use of 

OSM data facilitated an accurate estimation of pre-

war structures, ensuring a reliable comparison 

between pre- and post-destruction building counts.  

The results were further corroborated by independent 

reports and publicly available geospatial data, 

confirming the large-scale destruction observed in 

satellite imagery. The findings of this study provide 

a critical contribution to the field of remote sensing 

for conflict damage assessment.  
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The demonstrated accuracy of multi-temporal 

satellite imagery analysis highlights the potential of 

automated change detection methods in large-scale 

urban damage assessments. The study's results align 

with previous research on post-conflict damage 

assessment, reinforcing the necessity of high-

resolution imagery for accurate urban reconstruction 

planning. 

Unexpected findings, such as minor discrepancies 

between UAV and satellite detection results, 

underscore the need for hybrid approaches that 

integrate multiple data sources. These variations 

highlight the limitations of satellite-based analysis 

for detecting subtle damage and emphasize the 

importance of incorporating UAV data where 

feasible. The broader implications of this research 

extend to humanitarian response, urban planning, and 

post-war reconstruction. By providing a systematic 

approach to quantifying destruction, the 

methodology can aid government agencies, non-

governmental organizations, and international bodies 

in prioritizing recovery efforts. The ability to conduct 

remote damage assessments in inaccessible areas also 

demonstrates the practical value of this approach in 

conflict zones and disaster-stricken regions. 

This study has significant practical and theoretical 

implications in the fields of remote sensing, urban 

planning, and post-conflict reconstruction. 

Practically, the proposed methodology enables 

efficient, large-scale damage assessment in war-

affected areas, providing essential data for 

humanitarian organizations, government agencies, 

and urban planners engaged in reconstruction efforts. 

The ability to conduct accurate remote assessments 

without requiring on-site inspections is particularly 

valuable in conflict zones, where access is restricted. 

Theoretically, this research advances the field of 

geospatial analysis by demonstrating the 

effectiveness of multi-temporal satellite imagery 

combined with advanced change detection 

algorithms. It contributes to the ongoing 

development of automated damage assessment 

techniques, paving the way for future studies to refine 

and enhance remote sensing methodologies. 

Additionally, the findings underscore the importance 

of integrating different data sources, such as UAV 

imagery and OSM datasets, to improve accuracy and 

reliability. This research serves as a foundation for 

further exploration into AI-based classification 

techniques and hybrid approaches that leverage 

multiple remote sensing technologies for more 

comprehensive and precise destruction assessment. 

 

 

 

 

7. Conclusion 

The research has resulted in the development of a 

methodology for the rapid detection of destruction in 

Ukrainian settlements caused by Russian aggression, 

utilizing multi-temporal ultra-high-resolution 

satellite imagery. The proposed approach, based on 

the DeltaCue Remote Sensing module of Erdas 

Imagine, has demonstrated high efficiency in 

assessing large-scale damage, offering improved 

accuracy through its advanced object filtering 

techniques. By applying this methodology to analyze 

destruction in Moshchun and Mariupol, the study has 

confirmed the extensive impact of military actions on 

urban infrastructure. The findings underscore the 

significant role of remote sensing technologies in 

conflict damage assessment, providing a scalable and 

objective method for tracking destruction in 

inaccessible areas. The ability to differentiate 

between fully destroyed and partially damaged 

structures ensures a more precise evaluation of war-

induced devastation, which is critical for post-

conflict recovery planning. 

Future research should focus on expanding the 

methodology to other affected regions, integrating 

AI-driven object recognition to enhance automation, 

and improving international cooperation for data 

validation. Additionally, the implementation of 

national programs for systematic satellite monitoring 

will be essential for guiding reconstruction efforts 

and humanitarian responses. This study contributes 

to the broader field of remote sensing applications in 

post-war recovery, reinforcing the necessity of 

technological advancements in urban damage 

assessment and reconstruction planning. 
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