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Abstract 

This thesis presents a capabilities review of VIIRS nighttime visible and infrared  

data for conflict monitoring , using the war in Ukraine as a case study. By integrating 

the VIIRS-derived data sets of VIIRS Nightfire (VNF) and VIIRS Boat detection (VBD) 

with boundary data, territorial control shapefiles, and UNOSAT damage assessments, a 

series of spatial and temporal conflict indicators were developed. These were then used 

to generate insights on a strategic, operational and tactical level by assessing heavy 

industry status, monitor ing maritime activity  and offshore platforms, detecting the 

frontline  and tracking urban combat across Ukraine. VIIRS data, despite its low 

spatial resolution and susceptibility to atmospheric interference, was shown to provide 

meaningful insights when combined with supporting geodata in all use cases, though 

limits apply. Furthermore, this thesis highlights the trade-offs between using raster-based 

and derivative VIIRS products, and positions VIIRS within a wider multisensory 

environment. While the utility of the developed methods for other conflicts remains to 

be evaluated, the approach demonstrates that VIIRS can support rapid, low-cost, and 

scalable monitoring of conflict zones. In an increasingly unstable geopolitical context, 

the ability to independently and systematically track changes in human activity and 

infrastructure will only increase in importance. 

Graphical Abstract 
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[ŀȅƳŀƴΩǎ {ǳƳƳŀǊȅ 

Satellite data from the VIIRS sensors can detect visible lights and heat emissions at night. 

This thesis explores how VIIRS can help monitor conflicts like the war in Ukraine. 

By combining VIIRS data with maps of territorial control, visual damage reports, and 

other geographic information, the study shows how changes in industrial activity, port 

activity, the front line and urban destruction can be tracked over time. Despite limitations 

such as low spatial resolution and cloud interference, VIIRS data proved useful for 

identifying conflict-related changes, especially when combined with other data sources. 

The research also discusses how this approach could fit into larger systems that use many 

types of satellite data and other geodata together. While further study is needed to see if 

these methods also work in other conflicts, this thesis shows that VIIRS can offer a fast, 

low-cost way to independently track conflict impacts. In an increasingly unstable 

world, such tools are very important for understanding wars and their consequences. 

Keywords 

VIIRS, VIIRS Nightfire, VIIRS Boat Detection, VIIRS DNB, Night Lights, Ukraine 

War, Conflict Monitoring, GEOCON 
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1 Introduction: VIIRS ς A Night Watch for Modern 
Conflict? 

In the area of the transparent battlefield, vast amounts of open source geodata from 

conflict zones are readily accessible. Military, governance, and scientific communities 

are constantly working to merge, filter, and transform this information into structured 

pipelines and analytical frameworks. These tools support independent and reliable 

conflict monitoring. The ongoing Russo-Ukrainian warðthe largest and deadliest in 

Europe since World War IIðis a key example. Its scale, intensity, and geopolitical 

stakes make continuous monitoring essential for understanding the warôs humanitarian, 

environmental, and strategic impacts. For conflict monitoring at night, the Visible 

Infrared Imaging Radiometer Suite (VIIRS) sensor, installed on the Suomi-NPP, 

NOAA-20 and NOAA-21 satellites could make a valuable contribution. The sensor 

possesses the ability to capture both visible light and infrared emissions, with its 

combination of high temporal resolution, global coverage and long timeseries setting it 

apart from other platforms operating at night (Levin et al. 2020). 

However, the potential of integrating VIIRS data with supplementary geodata to 

generate novel insights into conflicts has not yet been realized: While several studies 

using VIIRS visible data (Zhizhin et al. 2024; Chen et al. 2023; Zhao et al. 2018) and 

infrared data (Naghizadeh 2024; Yailymov et al. 2023; Tomchenko et al. 2023) for 

conflict monitoring exist, most lack a systematic approach, rely heavily on composite 

data, and do not combine their results with other relevant conflict data. As such, it 

remains unclear what specific insights VIIRS data could generate for conflict 

monitoring, a limitation that must be addressed before the sensor can be effectively 

integrated into a broader monitoring framework. 

This thesis sets out to address this gap in the form of a capabilities review: Its aim is to 

demonstrate how VIIRS data can be processed and merged with other relevant 

geodata to generate insights on the war in Ukraine at different levels of analysis. To 

accomplish this aim, the following objectives are identified:  

1. Develop relevant conflict indicators using VIIRS data and supporting 

geodata 

2. Demonstrate the use of VIIRS data for conflict monitoring at a strategic, 

operational and tactical level 

3. Discuss limits, improvements and implications of VIIRS-based conflict 

monitoring 

The area of study is the entirety of Ukraine, as well as selected areas within the Black 

Sea, and Russian regions bordering Ukraine (see Fig.1). As the war is still ongoing, a 

data cutoff date of 2025-03-31 was chosen, allowing for a period of more than three 

years to be analysed.  
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Figure  1 : The  war in Ukraine  as of April 2025 , including  occupied areas, areas of 
heavy fighting, the front line , and relevant towns and cities  (Software: ArcGIS Pro ;  Data 
source : Liveuau map , ArcGIS living atlas) . 

 

This thesis was written in support of the GEOCON project at the German Aerospace 

Center (DLR), which aims to generate demand-oriented information products for 

conflict regions using remote sensing and other geodata. The results from this thesis can 

be used as a starting point for integrating VIIRS data into a multi-source framework for 

conflict monitoring, offering a more comprehensive, scalable, and temporally 

consistent basis for situational awareness and decision-making in conflict settings.  

1.1 The War in Ukraine and its Signals 

The Russian invasion of Ukraine can be divided into multiple segments, with varying 

goals and differences in fighting styles. As summarized in Brands (2024), the war began 

with a planned decapitation of Ukraineôs leadership in Kyiv  with a special military 

operation. As this attack failed, the Russian army abandoned its push on the capital Kiew 

(see Fig.1), and focused on the Donbass and Kherson regions, managing to capture the 

cities of Mariupol (Schwirtz 2022) and Kherson. Fighting continued throughout the 

summer, with two Ukrainian counteroffensives liberating the major cities of Kharkiv 

and Kherson. With this accomplishment, the frontline stabilized, with hundreds of 

thousands of troops now fighting along a 1000-kilometer front line (Brands 2024). A 

Ukrainian offensive in 2023 in the Zaporizhzhia front failed to dislodge the Russian 

defenders (Bugayova 2023), while the Russian army continued to make very slow gains 

in the Donbass region. In the summer of 2024, the Ukrainian Army launched a surprise 

incursion into the Russian Kursk Oblast, capturing the small town of Sudza, and holding 

it until the spring of 2025 (Evans 2025). As of writing of this thesis, the war remains 

ongoing with high intensity, with Ukraine holding on to very small regions in Russia in 

the Kursk and Kharkiv area, while the Russian Army is putting on heavy pressure along 

the entire front line. 
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Compared to previous conflicts, technological innovations in optical, electromagnetic, 

acoustic, radar and other sensors before and during the war now allow for the near-real 

time detection and targeting of hostile troop concentrations. This fact has had a large 

impact on the battlefield, as establishing and concealing the local superiority in troop 

numbers and equipment required for breakthroughs has become extremely difficult 

(Kagan and Kagan 2024), increasing the importance of positional defence (Jójárt 2024). 

As such, offensives from both sides failed to achieve major breakthroughs after 2022, 

turning the conflict into a war of attrition, and into the deadliest conflict for both parties 

since the Second World War (Jones et al. 2023). 

The war in Ukraine comes with a high human cost (Haque et al. 2022; Pancevski 2024), 

large economic damages, (Ciuriak 2022; Liadze et al. 2022), and physical destruction of 

large swaths of the country. The Russian army, as a successor to the Soviet Armies, 

heavily relies on massed artillery to achieve breakthroughs, leading to increased 

destruction (Brands 2024). Data from the UNOSAT database shows that the slow, 

grinding combat from 2023 onwards saw the wholesale destruction of entire cities, such 

as Bakhmut and Toropets (UNOSAT 2025).  

 

 

Figure  2 :  Examples of  potentially  observable events from the war in Ukraine , 
including  (from left  to right) :  a strike on Russiaôs Black Sea  Fleet flagship ñMoskvaò, a 
damaged offshore platform, a burning Russian Oil Refinery, the destroyed Azovstal 
steelworks, a damaged electricity grid, a burnt -out apartment building, an explosion at a 
Russian ammunition depot, and a burning grain field  (see Appendix  A for image sources).  

 

All these events lead to changes in the physical environment and the patterns of human 

activity: Changes in naval control of the Black Sea affects shipping activity, attacks on 

industry affect production, damages to electricity grids affect lighting conditions, and 
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shelling causes widescale destruction and fires (see Fig. 2). Many of these changes are 

potentially detectable from space through secondary indicators such as altered emission 

patterns, increased fire detections, shifts in coherence, and surface reflection changes. 

As such, remote sensing has seen widespread use in the context of monitoring war 

(Altarez et al. 2024). Since the VIIRS sensor can capture some of the aforementioned 

indicators, it could offer valuable insights into the ongoing dynamics, providing a 

clearer, independent picture of the warôs impact and progression on the ground. 

1.2 Literature Review: VIIRS Night Lights in Conflict 

When discussing remote sensing of night lights, it is important to differentiate between 

the detection of visible light and of infrared emissions. The following chapter will give 

an overview on how both techniques work, and what previous research has been done 

on using night lights for conflict monitoring. 

VIIRS is a whiskbroom scanning radiometer installed on the Suomi NPP, NOOA-20 and 

NOAA-21 satellites, launched in 2011, 2017 and 2022 respectively. The sensor comes 

with a wide swath width of 3060 km, and with 22 spectral bands ranging from 405 to 

12322 nm, nine of which also operate at night (Cao et al. 2017; Schueler et al. 2002). 

VIIRS bands have different resolutions, with five imaging resolution bands with a 

resolution of 375m, and 16 Moderate resolution bands (M-bands) with a resolution of 

750m. The sensor also comes with a panchromatic Day-Night-Band (DNB), which 

covers the spectral range of visible light to near-infrared (NIR) at a resolution of 750m 

(Cao et al. 2017). With three platforms in orbit, VIIRS sensors can capture data globally 

at least three times per night, making it ideal for detailed timeseries. As such, VIIRS data 

is characterized by a poor spatial, but very high temporal resolution. 

Table  1 : Characteristics of the VIIRS spectral bands collecting data at night  
(adapted from Elvidge et al. 2013).  

 

Band name Spectral range Bandpass [ɛm] 

 

Band Center [ɛm] 

DNB Panchromatic 0.5ï0.9  0.7  

M7 Near infrared (NIR) 0.843ï0.881  0.862  

M8 Near infrared (NIR) 1.225ï1.252  1.2385  

M10 Short-wave Infrared 

(SWIR) 

1.571ï1.631  1.601  

M12 Mid-wave IR  3.598ï3.791  3.6945 

M13 Mid-wave IR  3.987ï4.145  4.066  

M14 Long-wave IR 8.407ï8.748  8.5775 

M15 Long-wave IR 10.234ï11.248  10.741  

M16 Long-wave IR 11.405ï12.322 11.865 

 

There are several other platforms available that capture data at night, with prominent 

examples including the Operational Line Scan System (OLS), Landsat-8, and Luojia-1 

(Levin et al. 2020). There have also been first steps into the realm of hyperspectral 

remote sensing of night lights using ENMAP data (Bachmann and Storch 2023). Many 

of these systems offer a much higher spatial and spectral resolution than VIIRS. 

However, none can offer the combination of high temporal resolution and availability of 

infrared bands required for large-scale monitoring. Only VIIRSôs predecessor OLS 

comes close in this regard, but has a worse spatial and spectral resolution, dynamic range 

and calibration (Elvidge et al. 2013b), and has also ceased operations. As such, VIIRS 

remains the best suitable candidate for full -coverage conflict monitoring despite its 

modest spatial resolution.  
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1.2.1 Detecting visible Night Light 

The capture of visible night light data relies on the emission of the earthôs surface in the 

visible spectrum. However, as radiance between day and night is up to five orders of 

magnitude apart (Levin et al. 2020), only a handful of sensors have the sensitivity 

required to capture visible night light data. VIIRS night light data - and that of other 

sensors - requires several processing steps to be of use, as described in Elvidge et al. 

(2017): First sunlight, moonlight, stray light, high-energy particles and lightning need to 

be removed. Then, the image needs to be screened for clouds, as cloud cover is one of 

the main limiting factors for using visible night lights. Thick clouds block light 

completely and thinner clouds scatter the light, meaning that clouds can both darken and 

brighten the sky depending on the amount of artificial light present (Levin et al. 2020). 

For VIIRS, a good cloud mask using several bands is available (Kopp et al. 2014). 

VIIRS DNB data comes with a number of challenges, as summarized in Levin et al. 

(2020): The dynamic range of night lights is very large, ranging from small lights to 

large gas flares. Due to the wide swath range of the VIIRS sensor, each scene contains 

many different angular observations, which need to be accounted for. Additionally, the 

data suffers from skyglow and blooming phenomena, meaning that light can be detected 

away from the light source. Also, DNB data shows differences in radiances due to the 

different flickering cycles of artificial light, which needs to be accounted for (Elvidge et 

al. 2022). All  these challenges mean that individual night light scenes can be very noisy, 

meaning that weekly, monthly and yearly composites are often used. 

There are several comprehensive VIIRS DNB data sets available. One of the most well 

known is NASAôs black marble data set, which offers daily 500m resolution DNB data 

since 2012 (Román et al. 2018) Annual DNB composites are also available (Elvidge et 

al. 2021a). For longer timeseries, there is also a dataset available which merges VIIRS 

and OLS data, creating a continuous dataset from 1992 until the present day (Li et al. 

2020).  

1.2.2 Detecting infrared Night Light 

 

While all objects on the ground emit in the infrared spectrum, only very hot objects emit 

substantial radiation in the SWIR range (0.9-1.7ɛm) compared to the TIR range (see Fig. 

4). VIIRS possesses multiple infrared bands, enabling the detection of emissions in the 

NIR, SWIR, and MWIR ranges (Levin et al. 2020). This capability allows not only for 

the detection of infrared emissions but also for their classification: The fundamental 

basis of infrared remote sensing (pyrometry) lies in determining an objectôs temperature 

based on its emitted radiation, following the key principles of Wienôs law and the Stefan-

Boltzmann law. Wienôs law states that hotter objects emit peak radiation at shorter 

wavelengths, while the Stefan-Boltzmann law shows that the total emitted energy 

increases by a factor of 16 with a doubling of temperature (Elvidge et al. 2013a). 

Consequently, if a detection is made in more than one band, it becomes possible to derive 

temperature and thus classify emitters by type, such as fires, volcanoes, and industrial 

activity.  
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Figure  3 : Example of differences in radiance between VIIRS DNB (visible) and 
M10 (SWIR) bands for the  Ukrainian  city of Mariupol  (single day). City boundaries are 
highlighted in orange;  I ndustrial districts  are highlighted in grey. Image date: 2021 -08 -
01, data set: VNP46A1 via Google Earth Engine.  

 

Traditional VIIRS fire detection algorithms (see Schroeder et al. (2014)) rely on MIR 

bands to detect fires, as these work both during the day and during the night. However, 

these detection methods rely largely on empirical formulas and can only detect the upper 

size range of pixels with IR emitters (Elvidge et al. 2019). Detection methods specialized 

in nighttime infrared detection rely more on the M10 (SWIR) band, with NIR and MIR 

bands playing a supporting role (Elvidge et al. 2013a). The DNB band can also be used 

for night fire detection due to its low detection limits, but this method can lead to more 

errors (Elvidge et al. 2019). Modern detection methods also allow for the classification 

of subpixel emitters in VIIRS night light data using a combination of several bands 

(Zhizhin et al. 2023). 

 

The minimum detectable fire area depends heavily on its temperature, the algorithm 

used, and whether the fire occurs during daytime or nighttime. Schroeder et al. (2014) 

puts the fire area required for a 50% probability of detection between 2m² at 1200K 

(intense burning) and over 250m² at 400K (smouldering), although minimum detectable 

fire areas are much smaller at night due to more stable background conditions. Elvidge 

et al. (2013a) places the nighttime VIIRS M10 band minimum detection limits at ca. 

100m² at 500K (smouldering), and as low as 0.06m² at 2600K (gas flare). The minimum 

detectable area for a 900K bonfire is calculated to be around 40m². Thus, it should be 

remembered that smaller fires like individual vehicles or small patches of ground 

burning might not be detected by VIIRS. However, if several smaller fires burn within 

the confines of a single VIIRS pixel, the combined signal might be registered.  

There are two main fire detection data sets using VIIRS data. The first is the Fire 

Information and Resource Management System (FIRMS). FIRMS was designed as a 

quick-response system to combat wildfires, and combines both VIIRS and MODIS data 

for global coverage during daytime and nighttime (Schroeder et al. 2024). The second 

data set is VIIRS Nightfire (VNF). VNF was designed for monitoring heavy industry 

with a focus on gas flaring, and uses an algorithm tailored to nighttime detection (Elvidge 

et al. 2013a; Zhizhin et al. 2021). Both data sets offer long time series and are usable 

free of charge, although VNF requires an academic license. 

1.2.3 ±LLw{Ω Place in a multisensory Environment 

VIIRS is only one of many other spaceborne sensors providing imagery over conflict 

areas. Other effective methods for full-coverage monitoring are medium to high 

resolution optical missions such as Sentinel-2 and Landsat-8/9, as well as the use of SAR 

missions such as Sentinel-1 and Radarsat. VHR imagery such as data acquired by 

MAXAR and Pleiades offers a higher spatial resolution, but is expensive to purchase, 

limiting its applicability for full-coverage monitoring. In literature, Kholoshyn et al. 
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(2023) used S2 SWIR to assess areas of burnt forests and crops in Ukraine. Other 

researchers have used S1 and S2 data together to track the spatial and temporal patterns 

of war damage in individual cities such as Mosul (Boloorani et al. 2021), Kyiv (Aimaiti 

et al. 2022) and Mariupol (Huang et al. 2023). For large-scale war damage assessments, 

the usage of SAR data ï especially S1 ï shows a high potential. One example is the 

recent method developed by Dietrich et al. (2025), that allows for damage assessments 

down to a per-building level for the entirety of Ukraine using Google Earth Engine. Since 

SAR data can penetrate clouds, this approach allows for continuous timeseries, which 

cannot be fully leveraged for optical imagery. 

With these capable alternatives available, the relevance of VIIRS requires examination. 

On a spatial scale, VIIRS cannot compete with other sensors. With a footprint measured 

in hectares rather than square meters, the highest level of insight is settlement level. Only 

in large cities, more detailed within-settlement analysis may be plausible. Compared to 

SAR timeseries, VIIRS is limited by cloud cover, which can block AOIs for days or even 

weeks, limiting its temporal resolution. However, VIIRS has three main advantages: 

First, the volume of daily data is orders of magnitude lower than that of other sensors, 

making monitoring on a national or even global scale much more feasible. When using 

VIIRS derivatives, this discrepancy becomes even larger, with the total modified VNF 

dataset from 2019-2025 used in this thesis being about the size of a single S2-scene. 

Second, the high temporal resolution allows for the capture of quick snapshots of large 

areas. While these snapshots are not very dependable on their own, they are nonetheless 

capable of capturing extreme changes in emissions, such as large power outages or large 

fires, and can deliver insights within a single night. Third, VIIRS can offer insights into 

human activity that others can not: A city going through a power outage is 

indistinguishable from a non-affected city in optical and SAR imagery; VIIRS can also 

generate more reliable timeseries for industry emissions with respect to sensors such as 

S2, due to its higher temporal resolution. Lastly, in the aftermath of extreme events, it 

becomes critical to acquire information on affected areas as quickly as possible. As 

Copernicus missions have a revisit time of around 5 days, the daily availability of VIIRS 

data can increase the timeliness of information, even if the generated insights are of a 

lower spatial resolution than other methods. 

1.2.4 Previous Night Light Use cases 

The visible and infrared bands of night light data have been extensively used in a variety 

of fields, with applications ranging from mapping urban areas, estimating population and 

GDP, monitoring light pollution and ecosystem threats, to disaster and conflict 

monitoring (Levin et al. 2020). In the latter category, Witmer and O'Loughlin (2011) 

showed that monthly and annual composites of OLS data could be used to monitor large 

fires and refugee movements during a number of wars in the Caucasus from 1992 to 

2009. This approach was also demonstrated to be of use in the Syrian civil war (Li and 

Li 2014), although both studies are limited by the poor resolution of OLS. As the system 

was slowly phased out, Li et al. (2017) demonstrated that OLS data could be cross-

calibrated with VIIRS DNB data to cover the transition period, with a use case for the 

Syrian civil war. 

As VIIRS DNB data became available, its use was also extensively tested for monitoring 

power outages (Zhao et al. 2018; Cao et al. 2013), as well as for assessing the impacts 

of earthquakes, storms and floods when combined with other geodata (Zhao et al. 2018). 

Results show mixed results for damage detection, but generally good results for power 

outage detection. Challenges persist due to cloud cover. In conflict monitoring, VIIRS 

DNB composites were used to show light loss in areas occupied by ISIS during the 

Syrian civil war in 2014, pointing to power supply issues (Li et al. 2015). Li et al. (2018) 

also showed the difference in light reduction and recovery for cities under the control of 

ISIS and those under the control of government forces. 
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With the Russian invasion of Ukraine in February 2022, a number of articles on VIIRS 

DNB changes in Ukraine were published, where it was extensively shown that most 

cities showed a significant loss in visible night light (Li et al. 2022; Chen et al. 2023; 

Xiao et al. 2024; Xu et al. 2024), with recovery rates differing by controlling entity (Li 

et al. 2022). On a local scale, Cerra et al. (2024) demonstrated that fires caused by 

fighting can be detected even in DNB monthly composites by comparing them with VHR 

MAXAR data for several areas in Ukraine (see Fig. 5), but no quantified relationship 

could be established. 

 

 

Figure  4 : Example of increase in DNB  monthly composite  intensity over a 
shelled industrial  site  in  the Ukrainian town of  Rubiz hne (Cerra et al. 2024 ) . 

 

While all these examples show a correlation between events in conflict and a response 

in night light, they lack automation and often require prior knowledge of where to look 

for changes. One solution for this problem is demonstrated by Zhizhin et al. (2024), who 

used a machine learning-based segmented regression approach to automatically identify 

day-by day changes and breakpoints in night light intensity. As seen in Figure 6, this 

approach allows for the automated monitoring of any selected AOI. However, the noise 

in the unfiltered data and frequent cloud cover, as well as seasonal variations in lighting 

can cause false alarms. It also means that identifying a segmentation point may take time. 

 

 
Figure  5 :  Example of  VIIRS  DNB - based change detection using a segmentation 
approach.  The graph shows  several change  points  for DNB intensity for the town of 
Sumy, east of Kyiv , including  one  that coincides  with the outbreak of hostilities  in 
February  2022  (Zhizhin et al. 2024 ) 

 

The application of VIIRS infrared emissions for conflict monitoring is not as developed 

and mainly focuses on the use of FIRMS data. Nonetheless, a number of publications on 

the use of VIIRS infrared emissions with a focus on the war in Ukraine have been 

published (Oreshchenko and Osadchyi 2024; Ialongo et al. 2023; Yailymov et al. 2023; 

Tomchenko et al. 2023; Naghizadeh 2024). Ialongo et al. (2023) showed a shift of 

infrared emissions towards the frontline, but did not go beyond visual analysis. 

Yailymov et al. (2023) combined FIRMS data with optical imagery and manually 

classified shelling damage to show a shift in fires towards the frontline, but did also not 

demonstrate a statistical correlation. It was also shown that in oblasts affected by 

fighting, there was a shift in the land cover underneath FIRMS detections away from 

agriculture and towards urban and grassland (Tomchenko et al. 2023). This fact can be 

seen as an indicator that fires were not caused by regular activities such as the burning 
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of crop remains, but were instead caused by shelling. In another novel use case, 

Naghizadeh (2024) demonstrated that there is a correlation between the density of fire 

detections and Armed Conflict Location and Event Data (ACLED, see Fig. 7). This 

insight suggests that VIIRS fire detections are a good indicator for ongoing conflict if 

shaped correctly. However, the article does not remove permanent emitters and relies on 

composites over several months. Thus, the method gives no immediate insights into the 

situation on the ground. 

 

 
Figure  6 : Comparative density  of VIIRS infrared  emissions  and ACLED web 
conflict reports data  in Southeastern Ukraine  before and after the invasion 
(Naghizadeh 2024 ) 

 

In summary, even though many studies lack the systematic setup required for 

comprehensive monitoring, the use of VIIRS DNB in conflict monitoring has been 

thoroughly demonstrated. In contrast, methods for extracting information from VIIRS 

infrared data remain underdeveloped. They rely heavily on composite data, which limits 

VIIRS's main advantage: High temporal resolution. The methods also tend to use general 

administrative boundaries, despite more relevant boundaries such as individual 

settlement and even frontline extent being readily available. As such, this thesis will put 

a larger emphasis on VIIRS infrared emissions than on DNB data, while demonstrating 

how both can be further enhanced and automated using supporting geodata and advanced 

analytical methods. 
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2 Materials & Methods 

As this thesis consists of several use cases, there is no single methodology. Instead, this 

chapter will describe how VIIRS data and other geospatial data was shaped to generate 

key indicators, with which insights on the war in Ukraine were generated. A broad 

overview can be seen in Figure 8. A more detailed overview of what indicators are used 

how and for what case study can be found in Appendix C. 

 

Figure  7 :  Generation of indicators for conflict monitoring.  Data products are 
highlighted in blue, generated indicators are shown in grey. All results  in this thesis  are 

produced using a combination of these indicators . 

 

Except for areal control data, all data used is either entirely open-source or licensed 

through non-commercial or academic licenses. Additionally, all data was processed with 

minimal manual input using the programming language Python, allowing for easy 

transferability to other regions and time periods. 

2.1 VIIRS Data 

2.1.1 VIIRS Nightfire 

The dataset chosen for monitoring infrared emissions is VIIRS Nightfire (VNF) version 

3.0 (Elvidge et al. 2021b; Elvidge et al. 2013a; Elvidge et al. 2019). VNF detects sub-

pixel hot sources using a combination of bands, with the primary detection band being 

the M10 SWIR band at 1.6 ɛm. The detection method uses planck curve fitting (i.e. how 

much radiation is emitted at each wavelength for a given temperature for a black body) 

to estimate hot sources from 600K to 6000K. A pixel is considered hot if  its M10 band 

digital value exceeds the mean plus four standard deviations of background pixels, 

calculated separately for three pixel aggregation zones. The radiance of corresponding 

bands is then checked using a similar procedure. If a detection is only found in the M10 
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band but not in any other band, it is marked as unconfirmed, which either means the 

signal was weak or the detection was a result of noise. The test data set used by Elvidge 

et al. (2013a) contained about 44% unconfirmed detections. VNF was originally 

designed to monitor gas flares at night (Zhizhin et al. 2021), but records and stores all 

potential fire detections. While a newer version of VNF emitters exists which includes 

secondary subpixel emissions (Elvidge et al. 2021b), this thesis uses V3.0 for analysis. 

This decision was taken as V3.0 contains a homogenous timeseries from 2017 until the 

present day, which allows for the establishment of a baseline of fire detections before 

the outbreak of hostilities. For the same reason, data from NOAA-21 was excluded from 

the analysis, as data from this platform became available only in 2023. 

VNF is stored in a CSV format with one file per day and per sensor. For processing, all 

data from 2019-01-01 to 2025-03-31 was mass downloaded from the VNF repository 

using an API. Then, the data was transformed into a point shapefile format and clipped 

to the extent of Ukraine, the Black Sea, and areas of Russia within a 100km range of 

Ukraine. Lastly, all shapefiles were merged, allowing for easy sorting and clipping to 

specific AOIs in following operations. This merged shapefile formed the basis of all 

further VNF operations. 

2.1.2 VIIRS Boat Detection 

As the utility of VIIRS DNB data for conflict monitoring on land has already been 

demonstrated extensively, this thesis instead focuses on visible night light at sea. For this 

task, the VIIRS Boat Detection (VBD) data set was used (Elvidge et al. 2015; Elvidge 

et al. 2018; Hsu et al. 2019). VBD processes DNB data using a spike detection and spike 

height index algorithm to detect boats, gas flares and platforms. The data set separates 

between different quality flags, including strong, weak and blurry detections, and stores 

outputs in a CSV format. Accuracy is claimed to be as high as 99% on cloudless nights 

(Elvidge et al. 2015), although manual validation was only carried out on a single image. 

It should also be noted that the algorithm was developed for the detection of fishing 

vessels, which are substantially brighter than cargo ships. This fact could mean a lower 

detection percentage for non-fishing vessels. As NOAA-20/21 data has not been 

integrated yet, VBD relies exclusively on Suomi-NPP data, lowering the number of 

overpasses compared to VNF. 

VBD data was downloaded and pre-processed in a similar manner to the VNF data. 

Afterwards, the data was clipped to the area of the Black Sea. Due to the lower number 

of overpasses, strong, weak and blurry detections were all kept, which comprise 62%, 

36% and 2% of all detections respectively. Offshore platform detections were also kept 

and differentiated by a unique identifier. Lastly, all data was merged into a single 

shapefile for further use. 

2.2 Supporting Geodata 

2.2.1 Boundary Data 

To automatically divide visible and infrared emissions by area of interest, boundary data 

was required. For this task, several datasets were used (see Table 2): Data on settlement 

outlines and regional boundaries were taken from the UNôs OCHA office, permanent 

infrared emitters were taken from VNF-generated permanent emitter shapefiles, and port 

and offshore platform boundaries were manually drawn from optical and SAR imagery. 

By combining the boundaries with respective VNF and VBD detections, the indicators 

of daily number of VBD/VNF detections in boundary were then created. 
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Table  2 : Boundary data used.  

 

Dataset Information  Source 

Ukrainian settlement 

boundaries 

Boundaries of every 

settlement in Ukraine 

Data.humdata.org 

Russian administrative 

boundaries 

Administrative boundaries 

of Russiaôs Kursk oblast 

Data.humdata.org 

Permanent infrared 

emitters 

Locations of heavy 

industry with infrared 

emissions (worldwide) 

Colorado School of mines 

Port boundaries Boundaries of selected 

Ukrainian and Russian 

ports 

Manually drawn from 

basemap imagery 

Offshore platform 

boundaries 

Areas in the NW Black 

Sea with offshore 

platforms 

Manually drawn from 

Sentinel-1 SAR imagery 

 

2.2.2 Occupied Areas 

One feature of modern conflicts is that it is possible for non-state actors to assess areas 

of control through a variety of data, such as official statements, geolocated images and 

social media data. There are several organizations that provide area of control data in 

shapefile format (ISW 2025; Geoconfirmed 2025; Liveuamap.com 2025; Project Owl 

2025). The data used in this project comes from Liveuamap, an NGO that provides 

constant updates on several conflict regions around the world, with a focus on the war 

in Ukraine (Liveuamap.com 2025). The organization offers daily shapefiles and notable 

events on the war in Ukraine through a subscription service, which can be downloaded 

from their website. 

As the data needed to be downloaded manually, a shapefile was selected only once per 

week and further processed in Python: First, areas occupied before 2022 were removed. 

Second, the data was cleaned, non-area geometries were removed, and small geometries 

remaining from clipping operations were deleted. Third, territorial changes and their size 

were extracted through several clipping operations in Ukraine and the Russian regions 

bordering Ukraine (see Fig. 9 and Appendix D).  

 

Figure  8 : Clipping operations to calculate gains and losses in areal control , as 
well as òhot zonesò of the front line.  

 

For each territorial change, the area was calculated. If  data was missing, it was manually 

replaced with data from the previous week. These steps were repeated from the 

beginning of the war until 2025-03-31, netting the indicators of weekly occupied area, 

https://data.humdata.org/dataset/?q=%EF%83%A8ukraine+boundaries#&sort=title_case_insensitive%20asc&ext_page_size=25
https://data.humdata.org/dataset/kontur-boundaries-russia
https://eogdata.mines.edu/products/vnf/subscribers/index.html
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weekly territorial changes, and weekly frontline as polyline. By combining these outputs 

with the boundary and VNF data, it was also possible to generate the indicators of 

distance of settlement from frontline/territorial change, distance of VNF detection from 

frontline/territorial change and number of VNF emissions by occupied/unoccupied area. 

2.2.3 UNOSAT Damage assessment Data 

The United Nations Satellite Centre (UNOSAT) has a team of analysts that delivers 

damage maps of crisis areas ï mainly settlements - using VHR optical imagery 

(UNOSAT 2025). Their output includes damage assessments of several Ukrainian towns 

and cities, mainly during the opening stages of the war. The programme works by 

comparing VHR-imagery before and after a damage event using visual analysis and 

manual marking of damaged buildings and infrastructure. The Comprehensive Damage 

Assessment (CDA) data product from UNOSAT not only provides a map with damage 

locations but also provides damage points as shapefiles. 

For this thesis, CDA data was downloaded for 14 Ukrainian settlements (15 total 

activations, see Appendix B). Since shapefiles of the analysed areas were not provided, 

they were manually drawn. If the damage assessment used more than one post-image, 

the latest date was taken. The area of each region was then calculated to derive the 

indicators of damaged buildings per area and VNF detections per area for each 

UNOSAT activation between the beginning of the war and the latest post-image, 

enabling cross-analysis. 

2.2.4 Visual validation Data 

In addition to the data products listed so far, several other satellite data products were 

used as is for visual validation. The main products here were Sentinel-1 synthetic 

aperture radar (SAR) and Sentinel-2 optical data. The Sentinel missions from the EU 

Copernicus Programme are the workhorses of the EU Space Programmeôs fleet of 

satellites, providing open-access data with global coverage. S1 and S2 offer a spatial 

resolution of up to ten meters and a temporal resolution of approximately five days (S2) 

and six days (S1), although a power failure in the S1B satellite reduced this time to 12 

days for much of the war in Ukraine (ESA 2022). Data from both missions was accessed 

using the Copernicus Space Data Ecosystem. For finding objects at sea (ships, offshore 

platforms), S1 SAR composites were used, as metal objects stand out very clearly in 

these types of images. For verifying VNF fire detections, S2 composites using the B12 

(SWIR), B8 (NIR) and B4 (red) bands were used, as this band composite highlights 

infrared emissions resulting from thermal anomalies. Due to cloud cover, relevant S2 

images were only available in limited number. In future, both S1 and S2 data could be 

further integrated into a detection framework, but for now, visual identification and 

validation is adequate for the study design chosen. 
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3 Results 

The results are presented according to the categories of strategic, operational and tactical 

information, which are frequently used in armed forces to differentiate between levels 

of analysis. As seen in Figure 10, strategic insights center on national policy and theatre 

strategy, operational insights focus on campaigns and major operations, and tactical 

insights on single battles and engagements (Army University Press 2025). 

 

 

Figure  9 : Levels of war  with respective foci of analysis  (adapted from Army 
University Press  (2025 )).  

 

The insights generated in this thesis follow this logic and are sorted by utility: Strategic 

insights focus on broad-level information, such as the state of industry or trade volume, 

which can shape national policy. Operational and tactical insights focus more on 

detecting the extent of the front line, fighting in specific regions and even specific 

settlements. On the strategic level, this thesis presents methods for monitoring heavy 

industry, ship and port activity, and offshore platforms. On the operational and tactical 

level, frontline monitoring and the assessment of urban combat is analysed. Due to the 

poor spatial resolution of VIIRS, low level tactical insights cannot be easily generated. 

As such, operational and tactical insights are presented together, although sorted from 

broad to specific. It should be noted that there are no finite limits to each level of analysis, 

and many lower-level insights can be aggregated into higher-level information and vice 

versa. Nonetheless, these levels can provide a useful framework for organizing insights. 

3.1  Strategic Information 

3.1.1 Monitoring Heavy Industry 

Monitoring heavy industry using VIIRS infrared emissions is not a novel idea (Liu et al. 

2018; Ma et al. 2019; Sun et al. 2020). However, by combining heavy industry location 

data from Elvidge et al. (2023) with VNF detections and occupation data, several new 

insights can be generated on the state of heavy industry in Ukraine. Figure 11 shows the 

results of this approach, with VNF detections grouped by controlling entity. Three 

insights become apparent: First, all heavy industry emissions in unoccupied Ukraine are 

strongly diminished after the war begins. Second, all heavy industry in the areas 

occupied before 2022 continue to emit at the same intensity as before the war, even 

though many of the industry sites were less than 30 kilometres from the frontline when 
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the invasion began. This fact shows that these sites were never targeted in a concentrated 

effort by the Armed Forces of Ukraine. Third, all industry sites that are fought over stop 

emitting entirely. This fact suggests that industry sites that change hands are destroyed 

and cannot be brought back online. 

 

 

Figure  10 : VNF fire detection timeseries for all Ukrainian industry with SWIR  
emissions  (smoothed) . Please take note that i ndustry sites do not emit homogenously , 
and the data has not been standardized per industry site.  

 

It should be noted that different industry types emit at different intensities, with steel 

production in particular generating a disproportionate number of infrared emissions, 

overshadowing other industry types. When the permanent emitter data is broken down 

into individual industries, further insights are generated. As seen in Figure 12, every 

industry type still loses emissions but recovers at different speeds. For example, steel 

emissions in unoccupied Ukraine have stabilized, while oil emissions remain very low.  
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Figure  11 : VNF fire detection timeseries for selected heavy industr y types  in 
Ukraine  (smoothed) , divided by area of occupation. Emitter  locations are shown in the 
inset map. All industries show a sharp drop in emissions with the outbreak of war , with 
different recovery rates  per industry type . Please take note that y axes are scaled 
differently.  Other industry types can be found in Appendix  E. 

 

Linking these results to actual industrial output is challenging due to limited data 

availability. However, a working paper from the United Nations Industrial Development 

Organization (UNIDO) shows that all relevant Ukrainian manufacturing experienced a 

decline in production in 2022. Basic metals, coke, and refined petroleum saw a drop of 

over 60% in 2022 compared to the 2019ï2021 average, with frontline regions suffering 

the most (UNIDO 2024). These insights are reflected in the VNF data. Another 

validation approach is the use of case studies and supplementary data, which was done 

for the large Azovstal steelworks in Mariupol. The city of Mariupol was one of the first 

to be attacked as the Russian invasion began due to its proximity to the pre-2022 front 

line, and was the subject of heavy fighting. The Azovstal steelworks saw particularly 

intense combat, and were under siege for 80 days before being captured by the Russian 

Army (Schwirtz 2022). This sequence of events is also visible when viewing VNF data 

and selected S2 SWIR composites (see Fig. 13). 
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Figure  12 : Cross analysis  of Sentinel -2 SWIR  false colour  composites  (a - c)  and 
VNF detections  (d)  for the Azovstal steel plant in Mariupol.  S2 c omposites show 
SWIR  emissions  (highlighted in red)  during regular operations (a), during a ct ive fighting 
(b) and after the city was captured (c) . A Photograph  taken after Azovstalôs capture (e) 
shows the scale of the destruction (image credit: Schwirtz  (2022 )).  

 

Before the war began, the steelworks produced regular SWIR emissions, which were 

distributed along the entire areal. As Azovstal was attacked, all regular emissions ceased, 

and only sporadic emissions from active fires were visible. After the steelworks were 

captured, all emissions stopped and never restarted until the present day. Local 

photographs show the steelworks are completely destroyed (see Fig. 13e), with Russian 

officials reportedly planning to repurpose the site as a tourist destination (Vladislava 

2024). The Azovstal case demonstrates how VNF data can be used to systematically 

monitor the functional status of industrial infrastructure throughout different phases of 

conflict. 

 

3.1.2 Monitoring Ship and Port Activity 

Since Russia and Ukraine both share access to the Black Sea, the conflict extended into 

this region as well. One of the first actions of the war was the capture of the strategically 

important Snake Island by the Russian Navy (Williams and Kirby 2022), and events such 

as the sinking of the Russian flagship Moskva (Akar 2022) and the negotiated grain deal 

(Glauber and Laborde 2022; Lang and McKee 2023) have shaped the war on a strategic 

level. By subdividing VBD into different regions and port AOIs, it becomes possible to 

monitor ship traffic, gaining an indicator on the status of trade at sea. 

The results from this analysis show that the overall number of VBD detections in the 

entire Black Sea remains stable over the course of the war. While there is a 19% drop in 

detections in 2022 compared to the 2018-2021 mean, this is not far from the standard 

deviation of 15.8%, and there are 17% and 20% more detections in 2023 and 2024 

respectively. However, by subdividing the data into different regions, it becomes clear 

that this is not the case on a regional level. As seen in Figure 14, ship traffic in the Odesa 

shelf ð the area that must be crossed to reach Ukraine's largest port, Odesa ð shows a 

substantial drop at the onset of the war. This drop is confirmed by UNCTAD using 

marine traffic data (UNCTAD 2022). Traffic levels do not recover for the remainder of 

the conflict. In contrast, the Azov Sea, which was completely under the control of Russia 
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from mid-2022 onwards, does not show such a drop. This insights hints at the Odesa 

Shelf still being very much an active battleground, while the Azov Sea is not. 

 

 

Figure  13 : Proportion of V BD  detections  ( smoothed )  by Black Sea  region . Map 
insert colours correspond to the respective region.  

 

On a smaller scale, individual ports show deviations in the number of VBD detections 

as well. As seen in Figure 15, the Ukrainian ports of Odesa and Chornomorsk show an 

immediate drop when the war begins, recovering at different rates. In contrast, the 

Russian port of Novorossiysk sees an increase in activity, which is visible throughout 

the entire war. Sevastopol naval base, the headquarters of the Russian Black Sea Fleet, 

sees a sudden increase in detections with outbreak of hostilities, indicating an uptick in 

military activity. 

 

 

Figure  14 : Daily VBD  boat detections (smoothed)  for key Ukrainian and Russian 
Black Sea  ports.  Port locations are noted in the map.  Please not e that y axes are scaled 
differently.  
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While research has proven a strong correlation between VIIRS DNB radiances and 

shipping metrics at anchorage areas (Polinov et al. 2022), some care should be taken in 

interpreting these results. The number of detections in smaller ports is very low, and 

some port metrics do not match external reports: The small port in the city of Mariupol 

(not listed) shows an increase in detections from 2023 onwards, despite an absence of 

noticeable traffic increases according to optical and SAR data. Similarly, the sudden 

increase in activity at Sevastopol Naval Base in December 2022 (Sutton 2022), and the 

withdrawal of most naval assets from the base in July 2024 (Thorne 2024) are not visible 

in the data. In future, VBD data could be combined with SAR and ship tracker data for 

validation, creating a more robust monitoring system. 

3.1.3 Monitoring offshore Platforms 

There are several mobile offshore platforms present in the Western Black Sea and were 

already under Russian control prior to the 2022 invasion. Because of their large size and 

strategic position, these platforms became highly valuable assets, serving as potential 

forward deployment sites, refuelling stations, and locations for air defence installations. 

Unfortunately, very little information on these offshore platforms is available in the 

English language. In 2023, the BBC reported that Ukraine had recaptured some 

platforms (Adams 2023), while a 2024 report from the Times shed light on an intricate 

asymmetric warfare campaign fought between the Ukrainian and the Russian navies over 

control of the remaining platforms (Tucker 2024). The location of the platforms can be 

visually confirmed throughout the conflict using Sentinel-1 SAR imagery. As oil rigs 

emit both in the visible range though lighting and in the infrared range through gas 

flaring, a combination of VBD offshore detections and VNF SWIR detections can be 

used to monitor the location and operational status of these platforms. 

The results of this approach can be seen in Figure 16, which shows the emissions of the 

eight major platforms present in the Western Black Sea, divided into three clusters. As 

seen in the middle figure, there are no SWIR emissions visible on any of the platforms 

before the beginning of the war, with only a few VNF detections found within the area. 

During July 2022, VNF emissions suddenly spike. This change coincides with a reported 

gas leak as the result of a Ukrainian attack on one of the platforms in cluster one, which 

was reported in a Ukrainian military blog (Militarnyi 2023). The link between the leak 

and the emissions is further confirmed by an S2-SWIR timelapse, which shows 

continuous SWIR emissions on the platform beginning in July 2022. Similarly, a second, 

much larger increase in VNF detections in mid-2024 is shown to coincide with two 

further platforms showing emissions in S2ôs SWIR composite, although no information 

can be found on the cause. It is also not known if these emissions are caused by regular 

gas flaring or by uncontrolled fires. 

Once again, the results should be interpreted with caution. From the beginning of the 

war onwards, the number of VBD platform detections shows a substantial reduction in 

fluctuation, with no clear explanation for the underlying cause. One possible explanation 

for this phenomenon is that the emerging gas flares emit in the DNB range with such 

intensity that it is detected by the VBD algorithm more often. Also, gas flare detections 

from VBDôs own algorithm only begin in spring 2023 (see Appendix F), pointing to an 

undocumented delay in the inclusion of VNF into the VBD data set. Nonetheless, it is 

proven that the combination of VBD, VNF and S2 data can provide information on 

offshore platforms from a strategic level (operational status and location) down to a 

tactical level (strike success). 
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Figure  15 : Cross - analysis of the operational status of Black Sea  off shore 
platforms using VBD detections, VNF detections and S2 -SWIR composites . The 
upper figure  shows the three clusters of offshore platforms in the Western Black Sea . The 
middle figure  shows  Sentinel -2 SWIR imagery for each major offshore platform  for three 
specified dates  ( infrared  emissions are displayed as red) . The bottom figure  shows VBD -
based platform and gas flare detections  for all  clusters combined , with specified dates 
marked  in the plot . 

3.2 Operational and Tactical Information 

3.2.1 Front Line Monitoring 

During the three years of war, there has been a notable shift in the spatial pattern of VNF 

detections compared to the previous three years (see Appendix G). It stands to reason 
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that the distance from the front line has an influence on the number and clustering of 

VNF detections, with fires caused by shelling and other explosions causing anomalies 

in infrared emissions. At the same time, the abandonment of agricultural lands (see 

Mkrtchian and Müller (2024)) might lead to a reduction in infrared emissions around 

areas of the front line that are not actively fought over, as controlled burning of fields no 

longer takes place. Authors like Tomchenko et al. (2023) and Naghizadeh (2024) have 

already demonstrated initial approaches for assessing the relationship between fighting 

in Ukraine and patterns of fire detection. Understanding the impact of the front line on 

VNF distribution would further build upon these results. However, the relationship is 

challenging to investigate, as the front line constantly moves, as does the disposition of 

firepower. However, by combining the weekly front line data set with VNF locations, it 

becomes possible to calculate the distance of each VNF detection from the front line at 

the time it was detected. 

 

 

Figure  16 : Composite of VNF detections during the entire war (2022 - 02 - 24 to 
2025 -03 - 31 )  by distance from the frontline (a) and area gains  (b)  in Ukraine  and 
a 150km buffer of the Russian border . 
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The results of this approach can be seen in Figure 17, which shows an aggregated map 

of all VNF detections during the entire war, with the respective distances to the front 

line and area changes. The large ñbandò of detections that showed up after the war began 

are close to the front line, with most detections in the Donbass, Kherson, Kharkiv and 

Kyiv  regions occurring less than 20 kilometres from the frontline. For area gainsðused 

here as a proxy for fightingðthe relationship appears less consistent: While nearly all 

VNF detections in the Kursk region occur in proximity to area gains, this pattern is less 

evident in other sectors of the front when compared to the actual frontline. When 

dividing Ukrainian VNF detections by urban and non-urban landcover using settlement 

boundary data, it also becomes apparent that the distribution of urban VNF detections is 

grouped much closer to the front line than non-urban ones (see Fig. 18). However, it is 

also clear that events related to warfare are not the only cause of VNF anomalies, and 

the question remains, if  a spatial resolution higher than the three-year composites shown 

here would also show clear patterns. It is also unclear what exact effect the frontline has 

on VNF clustering. 

 

Figure  17 : Histogram showing the number of VNF detections throughout the 
entire war, categorized by distance to the frontline and separated into urban 
and non - urban areas.  The ñurbanò VNF spike at 150/220km is presumed to be from 

unfiltered industry emissions. Please take note that y axes are scaled differently.  

 

To further investigate these questions, the VNF data was aggregated by month into 5km 

grid cells, after which global and local Moranôs I was calculated. Moranôs I is a measure 

of spatial autocorrelation, showing whether a feature (in this case a grid cell) is 

surrounded by features with similar values (Giungato and Maggio 2023). The formula is 

the following: 

 

 (1) 

 

Where N is the number of spatial units indexed by i and j, xi is the value of the variable 

at location i, xe is the mean of the variable x, wij is the spatial weight between units i and 

j, and W is the sum of all spatial weights. Values range from -1 (strong negative 

autocorrelation) to +1 (strong positive autocorrelation). At a global level, Moranôs I 

provides insights into the spatial autocorrelation of the entire dataset. At a local level, it 

enables the identification of specific hot spots characterized by high or low 

autocorrelation. As such, it could be an important measure for identifying and 

monitoring the front line. Moranôs I can be easily implemented in Python using the PySal 

library. 
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The results show that the global monthly spatial autocorrelation for VNF detections 

ranges from very weak (Moranôs I of 0.05) to moderate (Moranôs I of 0.25) when 

considering the 16 nearest neighbours. There are large deviations per month (see 

Appendix H), with higher autocorrelation values occurring in months with a larger 

number of VNF detections. There are only small deviations in autocorrelation before and 

after the war begins, with autocorrelation being higher during August and September 

than before 2022, which could point to the war influencing spatial distribution of VNF 

detections. However, it should be kept in mind that only six years in total are being 

observed, limiting the significance of this occurrence. 
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Figure  18 : Examples of poor (a), moderate  (b) and good (c) matches between 
the frontline  location , VNF  detections , and Moranôs I hot spots per month . VNF 
detections are aggregated  by month  in 5km grid cells . ñhigh -highò clusters consist of grid 
cells with high autocorrelation surrounded by grid cells that also show high 

autocorrelation; ñlow- lowò clusters consist of grid cells of low autocorrelation, surrounded 
by other low -autocorrelation grid cells.  

 

On a local scale, autocorrelation is very heterogeneous, with strong variations per month 

and per season. Figure 19 shows three examples of this variation, with poor, moderate 

and good matches between VNF detections, Moranôs I hot spots and frontline location: 

During winter months and in late spring, the low number of total VNF detections leads 

to large clusters of high-high grid cells in areas without any detections, while the number 

of detections around the front line is also much lower. This combination of occurrences 

makes it impossible to spot the frontline from autocorrelation data. However, during late 
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spring to late summer, the clustering of hot spots is more significant.  Here, hot spots are 

arranged as a swath of high-high hot spots, surrounded by a ring of low-low hot spots, 

caused by the sharp drop in the number of VNF detections with increasing distance from 

the front line. As such, using spatial autocorrelation could help detect the front line, 

perhaps even on a sub-monthly basis, but only in optimal conditions. 

Compared to previous insights, front line monitoring comes with several more caveats: 

First, the front line is calculated only on a weekly or monthly basis, meaning that the 

actual front line might deviate from the calculated version. This is especially the case 

during the first two months of the war, when fighting was much more dynamic. Second, 

the front line is calculated using a buffered overlay of occupied areas, which can be 

imprecise and leave frontline gaps or false area changes. Third, while both linear and 

geographically weighted regression models were tested, no statistically significant 

relationship between the distance from the frontline and the number of VNF detections 

could be established. As such, further research into separating frontline VNF detections 

from background VNF detections should be conducted. An additional challenge is that 

of events along sections of the front line not generating thermal anomalies detectable 

with VNF data at all. Still, with improved methods and better supporting data such as 

land cover labels or geolocated web event data, frontline monitoring using VNF 

detections has the potential to become a useful tool for tracking conflicts. 

3.2.2 Mass urban Combat Monitoring 

To assess the humanitarian impacts of the war, focusing on settlements and urban combat 

is especially valuable, as these areas host the highest concentration of people. Since 

settlements remain in place and rarely burn outside of critical events, monitoring urban 

combat using VNF is an easier challenge than monitoring the front line. Additionally, 

UNOSATôs VHR damage database offers a unique opportunity to assess the correlation 

between urban damage and VNF detections. For several settlements, UNOSAT provides 

precise counts of damaged buildings, as well as environmental damage such as affected 

fields and roads, all recorded within selected time windows. Thus, by extracting VNF 

detections for each settlement within the same time window, the number of VNF 

detections can be compared to the number of CDA damage detections. 

The results of this approach can be seen in Figure 20. There is a statistically significant 

correlation between the number of VNF detections and the number of CDA damage 

detections per km² (r² = 0.66, p <0.001), with VNF detections increasing with an 

increasing amount of damage. Correlation is highest when all types of CDA damages 

are included. The median ratio between CDA and VNF lies at 3.83 to 1, but shows large 

variations by settlement. It should be kept in mind that this predictive power appears to 

diminish when the overall damage becomes less severe. Also, all UNOSAT activations 

are from the same year and within the same eight months, meaning that there is a 

temporal and seasonal bias in the CDA data. Nonetheless, the results mean that VNF can 

be efficiently used as a proxy to estimate urban damage. 
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Figure  19 : Correlation between density of VNF  and C DA (comprehensive damage 
assessment) detections fo r settlements with UNOSAT activations in Ukraine . 
VNF data was selected between the outbreak of the war and the latest CDA post -event 
VHR image. All CDA damage types were included . The overview map shows UNOSAT AOI 
locations.  

 

With this relationship between VNF and CDA established, two key advancements 

become possible. First, by introducing a temporal dimension to the UNOSAT data, it 

becomes feasible to estimate the approximate timing of observed damages (see 

Appendix I). Second, this temporal insight can be extended to any settlement in Ukraine 

when integrated with supporting geodata. To implement this, several techniques 

demonstrated in other use cases were combined: VNF detections were extracted for each 

settlement larger than 5km² and smoothed, while at the same time the weekly distance 

from the front line was calculated. Then, a list of settlements that were closer than five 

kilometres to the front line for at least one week, and at the same time showed a sum of 

over 30 total VNF detections and over 2.5 VNF detections per km² was generated and 

marked as likely damaged. For each of these settlements, the number of VNF detections 

and the distance from the frontline was then plotted, allowing for quick visual validation. 

As an additional indicator, the ratio of VNF detections before and after the war was also 

calculated. It should be noted that all parameters chosen here were selected empirically 

and should be further refined.  
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Figure  20 : Mass urban combat monitoring . Figure  a) shows  an overview of all 
Ukrainian settlements with suspected damage from VNF and frontline thresholding (see 
text for more detail ) . Figure  b) shows daily VNF detections per km² and  weekly distances 
from the front line for settlements with notable  action during the war. Each plot also 
shows the respective settlement area in km² and  the ratio of VNF detections after the 
war (2022 -2025) compared to before the war (2019 -2022) . Please take not e that  y axes 
are scaled differently . Plots like these can be rapidly  generated for any settlement in 
Ukraine . 

 

Following this method, 73 out of 1985 Ukrainian settlements larger than 5km² were 

marked as likely damaged (see Fig. 21a). Visual inspection of the plots shows that most 

of these settlements show an increase in VNF anomalies when the frontline distance falls 

below ten kilometres. Settlements where heavy fighting is known to have taken place, 
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such as Hostomel, Bakhmut and Pokrovsk all follow this pattern (see Fig. 21b). Even 

small towns such as Vuhledar show a clearly detectable shift in emission patterns as the 

war begins. From visual inspection of VHR data, one explanation is that small Ukrainian 

towns and villages have a higher ratio of vegetation to buildings than larger settlements, 

allowing for an easier spread of fires and a smaller incentive to fight them. Additionally, 

using a VNF ratio (i.e. total VNF detections postwar / prewar), it also becomes possible 

to detect industry not included in the VNFôs permanent infrared emitter database. These 

sites show both many total VNF detections and a VNF ratio of below 0.2, allowing for 

easy separation from other settlements (see Appendix J). 

 

While these results are very promising, the method needs several further improvements 

to unfold its full potential. First, not all marked settlements show noticeable shifts in 

emission patterns. Most that do not either contain a very low number of total VNF 

detections, or are located in areas of the Donbass occupied by Russia before 2022. These 

settlements are characterized by a VNF ratio of close to 1. However, filtering using a 

VNF ratio threshold also removes many settlements that do show an increase in VNF 

detections after the war begins, due to occasional detection spikes before 2022. More 

importantly, it is not known how many settlements were excluded that would show 

increases in emissions. These two facts show that the variables chosen to mark 

settlements as likely damaged require further investigation and refinement; As of now, 

simple thresholding for VNF detections, frontline distances and VNF ratios excludes 

settlements with a low total number of emissions, omits strategic strikes away from the 

frontline, and requires a timeseries of equal length before and after an event. As such, 

near real-time detection of events is not yet possible. Nonetheless, even with these 

limitations in place, the method already offers a quick and modifiable way to generate a 

temporal and spatial overview of what cities have burned during the entire war, allowing 

for insights from the strategic right down to the tactical level. Storing this data would 

also aid in reconstruction efforts. The method was also demonstrated to work in the Gaza 

strip, where a clear increase in VNF detections could be seen in many settlements after 

the Hamas attacks of 2023-10-07 and the subsequent Israeli invasion of the Gaza strip 

(see Appendix K), although different filtering thresholds were required. When further 

validated and supported by complementary data, VIIRS infrared data could thus become 

a powerful tool for urban combat monitoring. 
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4 Discussion 

As a capabilities review, this thesis presented multiple methods for using VIIRS 

nighttime data for conflict monitoring. Since the individual shortcomings of each method 

have already been discussed in the respective subchapters, the discussion will instead 

focus on the limitations of the VIIRS system for conflict monitoring in general. It will 

then discuss the advantages and drawbacks of using derivative data sets, and how VIIRS 

methods could be further developed and integrated into a multisensory monitoring 

system. 

4.1 Data limits 

VIIRS is a sensor characterized by a very high temporal and a very low spatial resolution. 

However, both the infrared and visible radiance are subject to very strong fluctuations, 

limiting the interpretability of individual scenes. For VIIRS DNB, the main sources of 

uncertainty are angular and atmospheric effects (Wang et al. 2021). Additionally, cloud 

cover can either darken or brighten the sky depending on the amount of artificial light 

present (Levin et al. 2020), with even monthly composites showing radiances that are 

10-30% lower than the average when the number of cloud-free daily images is low 

(Patnaik et al. 2021). While VIIRSô DNB and SWIR bands can register emissions 

through limited cloud cover, they are still subject to strong fluctuations. On a practical 

level the likelihood of detecting a fire caused by conflict-related damage is relatively 

low, as several things need to happen concurrently for it to be registered:  

1) AOI is set on fire 

2) Fire is not put out 

3) Fire burns through the night 

4) Cloud cover does not obscure the fire 

5) Fire is large enough or surrounded by other fires within the same pixel 
 

This low detection chance has two consequences: First, short-time events such as 

airstrikes or temporary power outages might not be visible, except in specific cases. As 

VIIRS captures all its data in a narrow four-hour nighttime window (see Fig. 22a), even 

fleeting cloud cover can stop a detection from occurring. As an example, the Russian 

Tuapse oil refinery was attacked twice by Ukrainian drones with subsequent fires, which 

is not detectable in VNF. It should be noted that this temporal distribution is not as 

problematic when looking at static targets, where nighttime is preferred due to smaller 

detection limits against sensor noise floor (Elvidge et al. 2023). As average cloud cover 

in Ukraine fluctuates by season with over 80 percent in December and under 50 percent 

in August (Osborn et al. 2016), the likelihood of an emission being registered by VIIRS 

also fluctuates, explaining some of the temporal variations in the total number of VNF 

detections by day of year (see Fig. 22b). As such, the absence of a VIIRS detection 

cannot be seen as the absence of an event having occurred.  
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Figure  21 : Histogram of VNF detections by hour of detection ( a)  and by Day of 
Year (b)  in Ukraine . The graphs show all detections from 2019 -2025.  

 

A second limitation is that if  an AOI shows a sustained drop or increase in emissions, 

the data requires initial smoothing to establish if the observed fluctuation is really a 

change rather than a result of noise. As a result, the temporal resolution is decreased. As 

seen in Figure 23, extreme shifts in emissions such as those in large destroyed industrial 

sites might be visible within a single night (barring cloud cover), but smaller AOIs with 

more nuanced changes are more difficult to detect initially. In this thesis, VIIRS 

emissions were smoothed using a simple running window approach, but other methods 

might be available that are better suited. As such, it is recommended that cloud cover is 

further integrated into any VIIRS monitoring system, and minimum required smoothing 

is investigated; The lower the amount of smoothing required, the quicker a change in 

emissions can be classified as substantial, efficiently leveraging the high temporal 

resolution VIIRS can offer. 

 
Figure  22 : VNF detections for the Azovstal steel plant in Mariupol at different 
running window sizes . 

4.2 Raster data or derivatives? 

This thesis used derivative VIIRS data sets (VBD and VNF) instead of relying on the 

processed VIIRS multiband raster data that is also freely available. There are several 

reasons for this choice: Point-based shapefile data can be easily manipulated and 

combined with other shapefile formats using common Python packages such as 

geopandas, and the amount of data that needs to be processed is substantially lower. 

Additionally, the data is much simpler to interpret, as multiband rasters are transformed 
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into points of fire detections, or DNB imagery into boat detections. In much of the 

literature, VIIRS infrared data in conflict monitoring is derivative based, mainly using 

FIRMS (Tomchenko et al. 2023; Naghizadeh 2024; Oreshchenko and Osadchyi 2024). 

In contrast, VIIRS visible night light use is mainly raster based (Li et al. 2022; Chen et 

al. 2023; Xiao et al. 2024), likely as only a single band is available anyways.  

The potential advantage of directly using raster-based data is that more usable 

information such as multiband detections, temperature calculations and cloud cover 

presence are available per VIIRS pixel, and not just for detection points. In a short 

communication, Zhizhin (2022) demonstrated the large potential of merging VIIRS 

visible, infrared and cloud cover data to show possible Russian troop movements and 

fires during the 2022 attack on Kyiv  on a per-night basis. Figure 24 shows the 

information such an approach can provide using the example of Mariupol: Shortly before 

the war breaks out, Mariupolôs steelworks emit in infrared. On 2022-02-27, a lucky break 

in cloud cover reveals that SWIR emissions have ceased while visible lighting is still 

observable, except for the eastern district, where a SWIR emission is instead detected. 

Two weeks later, another break in cloud cover reveals all the regular lighting has ceased, 

while sporadic emissions in the M10-band are visible. While VNF detections also 

displayed the effects of fighting in Mariupol reasonably well, adding the spatial 

component of VIIRS raster imagery provides more information on a per-night basis. As 

such, the trade-offs when selecting raster data or derivatives for conflict monitoring 

should be carefully considered, although combinations of the two are of course also 

feasible. 

 

Figure  23 : Raster - based VIIRS monitoring of the city of Mariupol . Shortly  before 
the war breaks out, Mariupolôs steelworks emit in  the M10  (SWIR ) band . On 2022 -02 -27, 
a lucky break in cloud cover reveals that infrared  emissions have ceased  while visible 
lighting is still on except in the eastern district, where a new infrared  emission is instead 
visible. Two weeks later, another break in cloud cover reveals all regular lighting has 
ceased , while sporadic emissions in the M10 -band are visible  (o riginal image s courtes y of 
Mikhael Zhizhin, Payne institute of Technology ) . 

 

The relevance of data type selection increases when considering potential end users. 

While technically literate parties such as researchers might prefer the flexibility inherent 

in lower-level data products, other stakeholders might not be able to use such outputs. 

Here, the use of shapefile or csv data could increase accessibility, complementing the 

open-source nature of VIIRS data. The shapefile format can be accessed using GIS 

applications such as ArcGIS or QGIS, while the csv format can be accessed using 

standard office applications such as Excel, broadening the prospective audience. 

4.3 Data Fusion 

Considering VIIRSô advantages and drawbacks, its place in a multisensory conflict 

monitoring chain can be envisioned: If AOIs are already identified, the sensorôs data can 

be used to generate quick snapshots and corresponding time series on visible and infrared 

emission patterns for previous years. Additionally, VIIRS can be used to quickly 

generate a spatial and temporal overview of areas with suspected damages for entire 

wars, such as the war in Ukraine. Lastly, VIIRS data could be used to design statistical 
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trigger points to identify areas that should be investigated further, for which other 

platforms such as S1 and S2 could be activated (see Fig. 25). 

 

 

Figure  24 : Proposed multisensory conflict monitoring setup  using VIIRS - based 
anomalies  and web event warnings . Predefined AOIs  are monitored using statistical 
trigger points in VIIRS DNB and infrared bands. If an anomaly or web event warning is 
detected, quick  VIIRS  snapshots and timeseries are gener ated and put in context using 
additional geospatial data. If it is decided that the anomaly requires further investigation, 
more data - intensive and /or  expensive methods using S1/S2/VHR imagery can be  
activated.  

 

To increase VIIRôs utility in such a system, it could be enhanced by other supplementary 

data products and remote sensing data. In this thesis, VIIRS data was combined with 

heavy industry locations, areas of control, damage assessment data and various boundary 

data. This approach resulted in a better characterisation of the events in terms of 

dynamics, localisation, and relation to ongoing events in the area. To improve the context 

for VIIRS emissions, these could be complemented by data sources such as landcover 

and geolocated web event data. Both of these sources have been used in combination 

with FIRMS by Tomchenko et al. (2023) and Naghizadeh (2024) respectively. For 

infrared emissions, it would also be possible to include daytime VIIRS data or MODIS 

data as done in the FIRMS dataset. This change would increase the temporal resolution 

even further, but add complexity due to different spatial resolutions and fire detection 

algorithms. It should also be discussed if derivative or direct raster data should be used, 

with the respective advantages and drawbacks as discussed previously.  

4.3.1 VIIRS Stakeholders 

The data integration sketched here is still very broad, and should be further developed 

depending on which stakeholders could benefit from VIIRS-derived insights, and at 

which levels of analysis. To solve user questions like these, stakeholder analyses have 

been in use for many decades (Brugha and Varvasovszky 2000). Instead of the classical 
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power/interest stakeholder matrix, an adapted version could be used, where the 

stakeholder power axis is swapped with a level of insight axis. Stakeholders could 

include national and local governments, NGOs, residents, journalists, researchers and 

other independent observers. 

 

Figure  25 : Possible s takeholder analysis matrix  to analyse and categorize VIIRS 
stakeholders by interest in level of insight . 

 

A sketch of such an analysis matrix can be seen in Figure 26. To give two examples, 

analysts such as liveuaupdates which provided the occupied area shapefiles for this 

thesis could stand to benefit from an additional source of verification for events on an 

operational to tactical scale. As such, they could be classified as high interest in 

tactical/operational insights. In contrast, residents might only be interested in low-level 

insights. However, it is unlikely that VIIRS could offer any novel insights that are not 

already apparent to locals. As such, they could be classified as low interest in tactical 

insights. Thus, a good overview can be given of who would stand to benefit most from 

the suggested data pipeline, and where it might need improvements or different foci. 
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5 Conclusion and Outlook: Towards conflict 
monitoring with VIIRS Nighttime Lights 

This thesis set out to demonstrate how VIIRS data can be processed and merged with 

other relevant geodata to generate insights on the war in Ukraine at various levels of 

analysis. For each of the defined objectives, the following was accomplished: 

1. Develop relevant conflict indicators using VIIRS data and supporting 

geodata 

VIIRS derivative data sets using optical and infrared emissions (VNF and VBD) were 

combined with several supporting data products: Boundary data allowed for dividing 

emissions by region, settlement, port, and industry. Data on weekly occupied areas 

allowed for calculating the distance from the front line and newly conquered areas, as 

well as dividing emissions by occupying force. UNOSAT CDA data was used to assess 

the relationship between VNF fire detections and settlement damage, and S1/S2 data 

was used for visual validation. Challenges include data errors and artifacts from clipping 

operations for front line estimation. These indicators can be generated worldwide if data 

is available. 

2. Demonstrate the use of VIIRS data for conflict monitoring at a strategic, 

operational and tactical level 

The use of VIIRS for conflict monitoring was demonstrated on all levels of insight. On 

a strategic level, the use of VNF for detecting changes in industry emissions by occupied 

area was demonstrated. VBD was used to monitor port activity, and a combination of 

the two data sets was used to monitor offshore platforms, giving valuable strategic-level 

information. Challenges include a low number of boat detections and a general lack of 

supporting information. On an operational and tactical level, VNF detections were 

established to occur close to the front line. Front line detection was attempted using 

Moranôs I hot spots in spatial autocorrelation, but results were inconclusive, with only 

summer months showing a detectable front line. Additionally, it was proven that there is 

a statistically significant correlation between UNOSAT CDA point density and VNF 

point density, meaning that VNF can be used as a proxy for urban damage. From this 

result, a VNF and frontline-based threshold filter was used to automatically select 

Ukrainian settlements with potential damages and plot their respective VNF and 

frontline distances in a timeseries. While this method requires further refinement in its 

selection of damaged settlements, it could become a powerful tool for quickly assessing 

the spatial and temporal distribution of settlement damages. A complete overview of 

each case study in table format can be seen in Appendix B. 

3. Discuss limits, improvements and implications of VIIRS-based conflict 

monitoring 

The main limitations of VIIRS for conflict monitoring were discussed, particularly its 

low spatial resolution, susceptibility to cloud cover, and the strong fluctuations in both 

infrared and visible radiance. These limitations reduce the reliability of short-term or 

small-scale event detection. Possible improvements include enhanced cloud cover 

integration and optimized smoothing techniques to better leverage VIIRSô high temporal 

resolution. Additionally, the integration of other sensors operating at night with a better 

spatial resolution, such as ENMAP or Luojia-01 could be investigated. Also, the trade-

off between using derived products versus multiband raster data was examined, 

highlighting the balance between ease of use and density of information. Furthermore, 

VIIRSô place in a multisensory environment was discussed, where its strengths such as 

low data volume, unique detection of human activity, and potential as a global early-

warning tool can complement higher-resolution optical and SAR systems. Lastly, a 
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stakeholder analysis framework was proposed to guide the design of future VIIRS-based 

monitoring research.  

The war in Ukraine stands out as one of the largest peer-to-peer conflicts in recent 

history. The results from this thesis show that VIIRS data, despite its limitations, can 

provide meaningful insights into conflict dynamics when integrated with supporting 

data. While transferability to other conflicts must still be evaluated, VIIRS has clear 

potential as a tool for independent conflict monitoring. In an unstable world, such 

capabilities are critical for a timely and impartial understanding of events. 
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Appendix 

Appendix A: Figure 2 sources 

 

Image Source 

Apartment 

building 

https://idsb.tmgrup.com.tr/ly/uploads/images/2022/04/06/196937.jpg 

Offshore 

platform 

https://www.upstreamonline.com/production/Ukraine-missile-raid-

takes-out-black-sea-gas-facility/2-1-1242745?zephr_sso_ott=QSmez 

Convoy https://www.telegraph.co.uk/global-health/terror-and-security/2500-

russian-bodies-sent-belarus-dead-night/ 

Grain field https://www.vinaria.at/magazin/artikeldetailseite/der-weizen-brennt-

die-halbe-welt-hungert 

Moskva ship https://www.nbcnews.com/politics/national-security/us-intel-helped-

Ukraine-sink-russian-flagship-moskva-officials-say-rcna27559 

Ammo depot https://www.youtube.com/watch?v=ng-ueDPTAX8 

Electrical 

grid 

https://www.spglobal.com/marketintelligence/en/news-

insights/latest-news-headlines/ukrainian-energy-group-sees-green-

future-as-war-damaged-power-grid-is-rebuilt-71279092 

Oil refinery 

strike 

https://www.nytimes.com/2024/03/14/world/europe/Ukraine-drone-

strike-russia-oil.html 

Azovstal 

damage 

https://www.itv.com/news/2022-05-21/fears-grow-for-mariupol-

fighters-as-russia-claims-to-have-taken-azovstal-plant 
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Appendix B: UNOSAT data used 

 

Settlement Pre-date Latest post-date Area [km²]  

Avdiivka  2021-10-16   2022-09-20   28.1 

Borodyaka 2019-08-31   2022-05-02   6.7 

Bucha 2022-02-20   2022-03-31   26.6 

Chernihiv 2021-09-15   2022-04-28   77.5 

Hostomel 2022-03-20   2022-03-31   15.8 

Irpin  Unknown   2022-03-31   21.2 

Kharkiv  Unknown   2022-04-24   83.5 

Kherson 2021-11-11   2022-10-14   65.9 

Kremenchug 2022-02-21   2022-06-29   89.0 

Lysychansk 2020-10-13   2022-09-21   45.9 

Mariupol 

(residential) 

2021-06-21   2022-05-12   36.0 

Mariupol (Azovstal) 2021-06-21 2022-04-25 9.9 

Melitopol  2021-04-23   2022-08-02   55.8 

Volnovakha 2021-07-18   2022-05-07   14.6 

Vorzel Unknown 2022-03-31 8.4 
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Appendix C: Indicators used for each case study 

 

Case study Data/indicators used Processing steps Cross-

validation? 

Confide

nce in 

results 

Heavy 

industry 

status 

- VNF detections 

- Permanent infrared 

emitter boundaries 

- Areal control 

shapefiles 

 

VNF is clipped to 

industry boundaries 

and split by areal 

control.  

S1/S2 

composites, 

secondary 

reports 

High 

Ship 

detection 

- VBD boat detections 

- Port boundaries 

- Black Sea 

boundaries 

VBD boat detections 

are clipped to port 

and Black Sea 

boundaries 

S1 

composites, 

secondary 

reports 

Medium 

Offshore 

platform 

monitoring 

- VNF detections 

- VBD platform 

detections 

- Offshore platform 

boundaries 

VBD platform and 

VNF detections are 

clipped to boundaries 

S1/S2 

composites, 

newspaper 

reports 

High 

Frontline 

monitoring 

- VNF detections 

- Ukraine boundaries 

- Russia boundaries 

- Frontline location 

- Areal control 

shapefiles 

- Settlement 

boundaries 

- Permanent infrared 

emitter boundaries 

Distance from 

frontline is calculated 

for each VNF 

detection and 

displayed. VNF is 

aggregated into 

monthly, 5x5km grid 

cells, global and local 

Moranôs I is 

calculated for each 

month 

none Low 

Mass 

urban 

combat 

monitoring 

- VNF detections 

- UNOSAT CDA 

reports 

- UNOSAT settlement 

boundaries 

- Settlement 

boundaries 

VNF is aggregated 

for each UNOSAT 

boundary and 

correlated to CDA 

points. VNF is 

clipped to settlement 

boundaries, and 

filtered using VNF 

thresholding 

UNOSAT 

data 

High 
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Appendix D: Date of latest fighting and area of captured regions in 
Ukraine 

Figure 1 shows the date when the respective area was captured/liberated. Figure 2 shows 

the size of each captured region. 
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Appendix E: VNF timeseries for all industry types in Ukraine 
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