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Access to detailedwar impact assessments is crucial for humanitarian organizations to assist affected
populations effectively. However, maintaining a comprehensive understanding of the situation on the
ground is challenging, especially in widespread and prolonged conflicts. Here, we present a scalable
method for estimating building damage resulting from armed conflicts. By training amachine learning
model on Synthetic Aperture Radar image time series, we generate probabilistic damage estimates at
the building level, leveraging existing damage assessments and open building footprints. To allow
large-scale inference and ensure accessibility, we tie ourmethod to run onGoogle Earth Engine.Users
can adjust confidence intervals to suit their needs, enabling rapid and flexible assessments of war-
related damage across large areas. We provide two publicly accessible dashboards: a Ukraine
Damage Explorer to dynamically viewour precomputed estimates and aRapidDamageMapping Tool
to run our method and generate custom maps.

The Russian invasion of Ukraine in February 2022 escalated a simmering
conflict, which had previously seen unofficial Russian involvement limited
to the country’s eastern regions, into a full-scale war between the two
countries. Russian troops crossed into Ukraine from multiple fronts and
advanced through the country, reorienting their geographical focus as
Ukrainian forcesmounted an unexpectedly fierce resistance. As the Russian
troops advanced, they subjected numerous cities to heavy shelling and
destroyed critical infrastructure. Millions of Ukrainians fled their homes as
damage and destruction spread throughout the country. Two years into the
conflict, the war has caused hundreds of thousands of casualties and
inflicted billions of dollars in damages to Ukraine’s infrastructure1,2.

The fast-paced early stages of the Russia-Ukraine war serve as a stark
reminder of the challenges humanitarian organizations encounter when
monitoring ongoing armed conflicts in real-time. Even in less intense
conflicts, like the war in Eastern Ukraine before the full-scale Russian
invasion, violence can flare up unexpectedly, and minor incidents may
trigger escalatory dynamics. Thus, regardless of a conflict’s intensity, it is
essential for humanitarian organizations to have a complete and up-to-date
understanding of the situation on the ground to effectively support those
most affected by the conflict. However, the task of maintaining such an
overview is challenging, especially with limited resources. The difficulty is
compounded when conflicts affect large geographic areas, persist over long

periods of time, or occur in regions that are inaccessible due to security
concerns.

To overcome these challenges, organizations have increasingly relied
on satellite imagery to supplement on-the-ground monitoring. Although
satellite images lack contextual details and a narrative dimension, they
provide snapshots of the conditions on the ground, making it possible to
observe how the situation evolves and how destruction spreads. Further-
more, satellites offer global coverage and automatic data acquisition, which
is essential for monitoring large, remote, or inaccessible areas. The primary
technique to perform damage assessments from satellite imagery is a
manual analysis of veryhigh-resolution (VHR)optical images.As it involves
the visual comparison of expensive commercial imagery, that method is
labor-intensive and costly. Despite its accuracy and reliability, it depends on
the availability ofVHRdata anddoesnot scale to conflict zones that are large
and that require long-term monitoring.

Nowadays, the analysis of satellite imagery with machine learning
offers opportunities to automate parts of the labor-intensive remote mon-
itoring process. Multiple studies have demonstrated the efficiency and
effectiveness of this approach for assessing building damage. The most
accurate methods currently involve applying deep neural networks to VHR
optical data3–8, often leveraging large dedicated datasets9. These approaches
primarily focus on natural disasters, which typically require a one-time
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analysis of relatively localized, clustered damages. In contrast, armed con-
flicts can last for months, years, or even decades, resulting in spatially dis-
persed and gradually increasing destruction. Consequently, they require
continuous monitoring over extended periods so that automated change
detection canon theonehand, bring larger benefits, but on theotherhand, is
more challenging10.

Recent work has begun to apply research specifically to the task of
assessing building destruction induced by armed conflicts. In a seminal
study, Mueller et al. trained a CNN with VHR optical imagery and labels
from UNOSAT11 to assess war-induced building destruction in Syria,
leveraging the persistent nature of war damage over time due to the absence
of reconstruction efforts amidst ongoing fighting12. However, accessing
VHR optical imagery for conflict zones is costly, as commercial sources
typically do not provide free access to their database in these situations13,
unlike after natural disasters14,15. Despite being an active field of research16,17,
relying on repeated, large-area coverage with VHR images to monitor
armed conflicts at scale is not realistic for most actors. Very recently, Hou
et al. proposed a deep learning-based approach that can handle both VHR
and moderate-resolution optical imagery18.

Beyondoptical images, SyntheticApertureRadar (SAR) imagery offers
a promising alternative. SAR is an active sensor system that illuminates the
Earth’s surface with microwave pulses and captures the backscattered sig-
nals. Unlike its optical counterpart, SAR can operate at any time of day
(night, respectively) and is largely unaffected by clouds. SAR has a well-
established history in damage assessment for both natural and anthro-
pogenic events19,20. Broadly, SAR-based changedetection canbedivided into
incoherent and coherent methods. Incoherent approaches rely only on
backscatter amplitude, typically comparing intensity or correlation differ-
ences between pre- and post-event images21–25. Coherent methods, on the
other hand, use both amplitude and phase information through inter-
ferometry (InSAR), generally resulting in more accurate results26–28. Addi-
tionally, SAR’s sub-meter wavelength allows coherent techniques to detect
changes far smaller than the pixel resolution, particularly when using per-
manent scatterers, which maintain coherence over long time series29.
Coherent change detection is a standard approach in the InSARcommunity
to assess building damage after a disaster rapidly30–33, c.f. the popular (and
patented) Damage Proxy Maps. Recent works have combined machine
learning and coherence data to produce more accurate maps, either with
handcrafted features34,35 or by using recurrent neural networks trained on
coherence time series36,37. On the downside, generating high-quality
coherence maps is complex and involves a loss of resolution. In this work,
we focus on large-scale deployment and accessibility and opted for devel-
oping our approach on the cloud-based platform Google Earth Engine
(GEE)38. SinceGEEdoesnot support the Sentinel-1 SLCproduct39 necessary
for phase-based methods, our approach is purely amplitude-based.

A few studies have already explored satellite-based damage assessment
for the Ukraine War, but most focused on specific areas or events. Aimaiti
et al. achieved 58%accuracy onUNOSAT labels in theKyiv region based on
handcrafted features from Sentinel-1 and Sentinel-240. Huang et al. used
optical and coherence SAR time series to identify burnt areas, respectively
urbandestruction inMariupol, reaching anoverall accuracyof ≈60%across
four classes relative to labels retrieved from social media images41. Tavak-
koliestahbanati et al. leverage multi-temporal InSAR to monitor deforma-
tion from a single event, the Kakhovka dam collapse42. Ballinger’smethod is
arguably the one most directly comparable to ours. It relies on a pixel-wise
statistical t-test on Sentinel-1 time series, implemented directly in GEE.
UNOSAT labels from various locations were then used to calibrate the
decision threshold43. Lastly, Scher and Van Den Hoek have generated
nationwide coherence maps and performed coherent change detection
against a reference pre-invasion image. At the time of writing their maps
have not yet been made public44.

In this work, we introduce an easy-to-use, open-source war impact
mapping tool based purely on SAR amplitude data and demonstrate its
effectiveness through a comprehensive building damage assessment across
Ukraine. Our solution leverages existing, point-wise damage maps from

UNOSAT11 and public, open SAR imagery from the Sentinel-1 mission39.
Harnessing the parallel computing capabilities ofGEE38, we train amodel to
estimate the likelihood of war-related changes from paired time series of
Sentinel-1 backscatter. We choose a fixed one-year interval in 2020 as our
reference period and iteratively generate damage likelihood maps for
3-month periods ranging from February 2021 up to February 2024. Our
model, based on the Random Forest algorithm, allows for straightforward
deployment onGEEandoutputs damagemapswith 10×10mgrid spacing,
the original ground sampling distance (GSD) of the Sentinel-1 GRD pro-
duct. In a second processing step, we intersect the per-pixel maps with
publicly available building footprints from Overture Maps45 to generate a
damage estimate per building. Our tool produces maps of war damage at a
very low cost and enables continuous country-scale monitoring. These
maps can serve both as a basis for large-scale, aggregated assessments and as
guidance to focus manual verification efforts for individual settlements or
buildings.We offer two public online dashboards: In the first one, users can
dynamically view and explore the pre-computed damagemaps described in
the following.The secondone allowsusers to runourmethod themselves for
their desired locations and time periods and create custom maps.

The key advantages of our approach are its scalability, accessibility, and
ability to transfer to different geographic contexts. Using commercial VHR
imagery for regular screening across entire conflict zones is not viable for
humanitarian organizations46, because itwould be too resource-intensive, in
terms of both direct data cost as well as infrastructure for data download,
storage, and compute. By utilizingmoderate-resolution satellite images that
are free of charge and acquiredwith short, regular revisits, we enable amore
sustainable monitoring approach. The use of SAR imagery has the addi-
tional advantage that the samemethod canbe expected toworkwell in other
conflict contexts, including those with different architectural patterns and/
or with evenmore frequent cloud cover, as it is purely geometrical and does
not rely on any location-specific a-priori assumptions. The proposed
method is also fast, reproducible, and easy to adapt, even for users who are
not experts in remote sensing or image analysis. We believe that our work
could be a valuable and accessible resource and could be used to screen large
conflict areas beyond our specific application case.

Results
Evaluation
We first evaluate our model’s predictions against additional damage
assessments excluded from the training set (see Fig. 1 for the geographic
distribution of our test set). The UNOSAT-labeled locations are compared
to the corresponding raw pixel predictions of the model. True positive and
false negative rates are counted in the 3-month periods from 2022 (after the
invasion), and true negative and false positive rates are counted in the
periods from 2021 (before the invasion). To guard against potential shifts
between the point labels and the satellite tiles, e.g., due to high incidence
angles or inaccurate annotation, we compare to the maximum predicted
damage probability in a 3 × 3 pixel window centered at the reference label.
We report our results in Table 1. We obtain an F1-score of 74.9% for the
damaged class and an AUC of 81.3%. Using the same evaluation protocol,
we compare our result to the pixel-wise t-test (PWTT) method43. To our
knowledge, this is the onlymethod directly comparable to ours, since others
either require coherence maps or assume that the precise date of the
destruction event is known, which is not the case for our UNOSAT labels.
Our method consistently outperforms that baseline, see Table 2. For details
about the comparison see Supplementary Note 1.

The evaluation of held-out validation data also helps establish an
appropriate threshold for distinguishing between damaged and undamaged
pixels. Indeed, while the model has been trained on a balanced dataset, the
actual distribution of damaged versus undamaged pixels is highly skewed,
and the prevalence of undamaged pixels in the test set means that thresh-
olding at damage probability 0.5 will cause a considerable number of false
alarms. To address this, we set a target precision of 90%, aligning with the
reality of operational deployment, where it is crucial to keep the false positive
rate at a manageable level. With this choice, we find an optimal threshold of
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0.655. Fordetails about the thresholdoptimizationseeSupplementaryNote2.
With that value, the recall reaches 46.5%. We point out that there is an
inherent trade-off between missed detections and false alarms, and the right
threshold depends on the application task. Our dashboard allows the user to
adjust itwitha slider andexplorehowdifferent thresholds affect the estimates.
Results with the confidence threshold of 0.655 are also reported in Table 1.

Close-ups
WeuseChernihiv, one of the cities in our test set, to qualitatively illustrate the
performance and limitations of our approach. Figure 2 shows both heatmaps
of damage probability and per-building maps after post-processing with
building footprints. Inset A highlights one limitation of using building foot-
prints, as the leftmost damage label has been correctly predicted in the
heatmap but does not have a corresponding footprint. Inset B illustrates how
themodel candetect correct patterns of destruction, even for small structures.
However, some labels (e.g., center-top) are completely missed, likely because
the affected building volume was too small to be visible at Sentinel-1 reso-
lution. Inset C shows both how multiple UNOSAT labels can fall within a
single footprint, and how taking themean prediction over a partially affected
building footprint can discard some correct predictions (third point from the
bottom). In themain figure, outside the boundaries of UNOSAT analysis, we
observe agricultural fields wrongly identified as damaged in the heatmap.
This is expected, since ourmodel has not been trained for patterns that occur
outside of settlement areas, and illustrates the need to post-process the raw
heatmaps with settlement masks or building footprints.

Web-based tool
Wehave developed aweb application based onGoogle Earth Engine (GEE)
to facilitate rapid reproduction of our results and enable the generation of
newmapswithout any local software installation. The application features a
user-friendly dashboard (Fig. 3) that provides the functionality to perform
damage assessment for a user-specified region of interest and using user-
defined pre- and post-event observation periods. The predicted maps can
also be exported as raster files directly from the interface (subject to GEE

Fig. 1 | Regions analyzed by UNOSAT. Overview of the 18 regions assessed by UNOSAT in Ukraine. Blue and orange dots indicate cities used for training and testing,
respectively. The three insets highlight the variation in damage density across different regions. Background map: OpenStreetMap.

Table 1 | Evaluation metrics

Label Precision Recall F1 Accuracy AUC

Damaged 67.1 (90.3) 84.6 (46.5) 74.9 (61.4) 80.3 (79.7) 81.3 (71.9)

Undamaged 90.5 (77.4) 78.0 (97.3) 83.8 (86.2)

Quantitative detection performance relative to UNOSAT labels (at previously unseen locations),
using a confidence threshold of 0.5. Values in parentheses indicate performance at the threshold of
0.655, reaching a target precision of 90%. The undamaged class is evaluated using the same
locations, but acquisition windows before the full-scale invasion. All metrics are given as
percentages.

Table 2 | Comparison with PWTT

Method Recall F1 AUC

PWTT43 76.3 68.4 75.7

Ours 84.6 74.9 81.3

Comparison of our method with the PWTT43, with the latter calibrated for Ukraine. Metrics were
computed on our test set, using the same settings for both approaches. All metrics are given in
percentages.
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restrictions on download size). Furthermore, the dashboard includes a
visualization tool that enables pixel-by-pixel examination of Sentinel-1 time
series data at any desired location.

Country-wide analysis
To illustrate the scalability of our approach, we have run damage assess-
ments over the entire country. Our analysis indicates that over 400,000
buildings in Ukraine, or approximately 2.7% of all buildings, have likely
sustained damage during the first two years of conflict. This estimate only

accounts for buildings larger than 50 m2. Figure 4 shows the percentage of
buildings likely damagedwithin the first two years of the war, aggregated by
hromadas, the finest administrative division in Ukraine covering the entire
territory. For an analysis of how damage has evolved over time, see Sup-
plementary Note 3. For the most impacted hromadas with over 10,000
buildings—Bakhmutska, Marinska, and Popasnianska—damage rates
reach 42.6%, 29.0%, and 25.0%, respectively.We observe that this pattern of
destruction correlates with the course of the war, the eastern side of the
country having been a battlefield for months, while the western part has

Fig. 3 | The rapid damagemapping tool. Screenshot from the dashboard interface, displaying damage estimates for a region inMariupol, alongside the Sentinel-1 time series
visualizer.

Fig. 2 | Damage estimates and UNOSAT labels for Chernihiv. Building damage
estimate for Chernihiv thresholded with the standard confidence threshold of 0.655,
aggregated over the first two years of conflict. For clarity, we only present the damage
heatmap in the main figure, while three zoomed insets show building-level predic-
tions and highlight some known limitations, such as missing building footprints (Inset
A), issues with detecting all small structures (Inset B), and disagreements between

UNOSAT points and building footprints (Inset C). Red dots represent UNOSAT
annotations indicating buildings marked as either destroyed or severely damaged. The
VHR satellite layer is displayed solely for visualization, all results are derived from 10
m-resolution Sentinel-1 images. Readers are encouraged to explore the maps on the
interactive dashboard. Sources: Google Earth/Maxar Technologies, Overture Maps
building footprints, UNITAR/UNOSAT damage annotations.
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been relatively spared. For a subset of ≈ 1.8M buildings in our dataset, we
were able to retrieve meta-data about the building function (such as “resi-
dential” or “medical”) from the OpenStreetMap catalog. Table 3 sum-
marizes the damaged fractions for different building functions. In this
preliminary analysis, we did not find any country-wide patterns that would
suggest that certain building types are more prone to war damage than
others. Note a more detailed study is needed to confirm or reverse this
finding, as biases in the definition and distribution of the available Open-
StreetMap building function labels could influence the result.

Discussion
Knowing where and when war-related building damage has occurred is
essential for humanitarian organizations to assist populations affected by
armed conflicts. The open-access remotemonitoring tool that we introduce
in this article allows users to rapidly gain an overview of war-related impact.
It can also supplement interactive damage mapping and serve as a pre-
filtering step to guide reliable, but resource-intensive photo-interpretation
by human operators.We have demonstrated the effectiveness of our tool by
conducting a comprehensive building damage assessment across Ukraine,
showing how war-related destruction has spread throughout the country.
The retrieved distribution of damaged buildings broadly reflects the fron-
tlines of the conflict, with themost severe destruction concentrated in areas
that experienced prolonged and intense fighting.

While our method has so far been tested only in Ukraine, we plan to
extend its application to other regions. Given the characteristics of both the
Sentinel-1 SARdata and the RandomForest classifier, we anticipate that the
methodology will adapt well to new areas, as long as we have adequate data
for fine-tuning. However, the final performance will ultimately be influ-
enced by factors such as vegetation cover and building density.

Limitations
While our tool for screening conflict-related building damage proved
effective, it is important to acknowledge its limitations and interpret its

outputs accordingly. In this context, we again highlight that the purpose of
our method is to complement existing damage mapping solutions with a
scalable screening component, not to replace human photo-interpretation
or ground-based damage reports.

Classification threshold. One key limitation is the sensitivity of the
quantitative estimates to the selected confidence threshold. As a prag-
matic solution, our tool provides a slider that lets the user adjust the
threshold according to the precision/recall trade-off needed for a specific
use case. For example, a higher threshold may be appropriate to gather

Table 3 | Number of buildings damaged per OSM class across
Ukraine

OSM Class # Damaged % Total

Residential 57,089 3.6

Industrial 3177 5.0

Outbuilding 599 1.6

Commercial 1309 3.9

Education 658 3.5

Agricultural 775 4.1

Service 284 3.6

Religious 177 2.1

Medical 126 3.6

Civic 117 4.6

Transportation 106 4.9

Entertainment 8 2.6

Military 6 4.1

The footprints with OSM class information represent a subset of 11.9% of all building footprints
analyzed.

Fig. 4 | Spatial distribution of building damage in Ukraine after two years of conflict. Percentage of buildings likely damaged within the first two years of the war,
aggregated by hromadas. The predictions were thresholded at 0.655, and only buildings larger than 50 m2 were considered.
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spatially coarse aggregate statistics about destruction patterns as in 4,
whereas a lower thresholdmight better support the search for individual,
hitherto overlooked damages.

Google Earth engine. Our study focuses on large-scale assessment and
accessibility, leveraging GEE’s computational capabilities. However, this
reliance also imposes significant constraints. First, it restricts the choice of
machine learning methods, as only a limited set of classification algo-
rithms are available at the time of writing. Second, while Sentinel-1 data
processed by GEE is orthorectified, it is not radiometrically terrain-flat-
tened, which can introduce distortions in areas with pronounced slopes.
Althoughmost cities in Ukraine are situated on relatively flat terrain, our
method may be less reliable in towns and cities located in mountainous
regions. Additionally, as previously mentioned, GEE currently does not
support the ingestion of complex SAR data, preventing the use of phase
coherence for change detection. Lastly, while the proposed method is
computationally efficient in principle, the web tool may take several
minutes to generate results due to GEE’s technical overhead. As an
alternative, users can download the relevant image tiles and process them
locally using the provided code. In the future, we hope to further accel-
erate the online tool.

Dependence on external data. Our model has specifically been trained
on building data and therefore presupposes that settlement or
building boundaries are available to mask out areas without human
settlements (e.g., agriculture, forest, etc.), which would otherwise
cause many false positives. We found that it is sufficient to utilize
standard, global land cover maps47, settlement layers48, or building
footprints. Still, the reliance on such external sources is a potential
source of error (see Supplementary Note 4 for possible issues specific
to building footprints).

Choice of reference period. To have a common pre-event reference for
both negative and positive samples, we used the year 2020 as a fixed
reference period throughout this work. This means, however, that the
temporal gap between the pre-event and post-event periods can be rather
large; giving rise to misclassifications due to surface changes other than
war damage, e.g., construction. Ideally, a future version of the tool would
integrate context knowledge about the conflict to minimize the temporal
gap between the pre- and post-event observation periods.

Reference data. Our supervised learning approach necessitates a
sufficient volume of reference data. Despite existing calls for large-
scale datasets and open data programs dedicated to armed conflicts13,
such resources remain limited. Data availability varies considerably
between different contexts: for some conflicts, e.g. the wars in Ukraine
and Gaza, quite a lot of damage data is available; whereas there may be
very little information about building damages in conflicts that receive
less public attention. It is precisely in these under-reported conflicts
that automated analysis could have the biggest impact. By offering an
accessible, open-access tool based on public satellite data, we hope to
take one step toward a global monitoring solution. But to get there it
will likely be necessary to collect at least some training data that
represent the building patterns and imaging conditions of regions with
under-reported conflicts.

Policy implications
The combination of free Earthobservationdata andmachine learning offers
a promising route toward automated war damage monitoring, com-
plementing interactive mapping and on-the-ground surveys.

But there is inherent uncertainty in predicting damage probabilities
from SAR image patterns at 10 m GSD, and users should understand this
and align their expectations with what such methods can deliver. Our
approach is perhaps best suited to obtain a high-level overview of how
damage spreads across time and space. Beyond scientific goals like tracing

the development of the conflict, this should often be enough to understand
where populations are affected. At the same time, our method cannot
confirm damage to an individual building, meaning that it is not directly
comparable to assessments based on VHR imagery, ground-based photo-
graphy, witness reports, etc. Importantly, the automatic large-scale
approach and reliable local evidence are complementary: satellite damage
maps can identify regions that warrant the effort to gather detailed, reliable
evidence.

Post-processing the model outputs with additional data sources, as
demonstrated for Ukraine with building footprints, adds an important
dimension of information. Future research could seek to assimilate further
sources of information, for instance, news reports or social media. Despite
the inherent biases of such sources49, they contain a wealth of com-
plementary information that could be harvested, adding contextual
knowledge andnarrativedepth tomapsderivedpurely fromsatellite images.
For example, attacks on residential buildings carry different policy impli-
cations if these buildings are inhabited than if civilians have fled an area in
anticipation of strikes. Of course, even when data sources are combined to
enhance the information derived from satellite images, contextual knowl-
edge offered by observers and humanitarian organizations remains crucial
for decision-making.

Beyond immediate humanitarian action, our large-area war impact
maps are potentially useful also to support other efforts to remedy the
consequences of armed conflicts, such as planning, prioritization, and
resource allocation during reconstruction efforts. In terms of scientific
inquiry,wall-to-wall, spatially explicit data allows forfine-grained geospatial
analysis of conflict dynamics, which at present relies almost entirely on
events derived from news articles. Building damage information obtained
through our approach can serve as an additional data source that is com-
plementary to the more commonly used metric of battle-related fatalities.

Methods
Data
All the data used in this work can be found freely available online.

Reference damage assessments. To the best of our knowledge, the
only public, georeferenced datasets that provide building-level damage
information for Ukraine are the UNOSAT maps11. They are based on
commercial VHR imagery, where analysts manually compare pre- and
post-event images using a standardized damage scale. To maximize the
chances that these damages produce discernible changes in the SAR
imagery, we only keep the twomost severe damage levels, i.e., destroyed or
severely damaged, and discard the others. We aggregate all available
UNOSAT maps for Ukraine into a dataset consisting of 10,934 unique
entries, distributed across 18 different areas of interest (AOIs) as depicted
in Fig. 1. Importantly, these labels are attached to geo-coordinates,
without any relation to concrete events. We, therefore, lack information
on both the spatial extent and the precise date of the destruction; all that is
known is that it happened between the pre- and post-event dates. For the
presentwork, we further restrict this interval by assuming that no damage
occurred before the onset of the invasion on February 24, 2022.We point
out that this assumption may not strictly hold in the eastern regions,
particularly Luhansk and Donetsk oblasts. A detailed summary of our
dataset can be found in Supplementary Note 5.

SAR image time series. We use freely available SAR data from the
Copernicus Sentinel-1 mission39, consisting of two satellites equipped
with C-band SAR instruments and moving in the same orbital plane,
phased 180∘ apart. This setup originally allowed for global coveragewith a
revisit period below 6 days anywhere on Earth. Unfortunately, this period
has doubled to up to 12 days since the technical failure of Sentinel-1B in
December 2021. For our study, we only use data from Sentinel-1A to
maintain consistent temporal resolution. We utilize the Ground Range
Detected (GRD) product available on GEE, consisting of log-amplitudes
for the VV and VH polarizations, resampled at 10 m. Internally, GEE

https://doi.org/10.1038/s43247-025-02183-7 Article

Communications Earth & Environment |           (2025) 6:215 6

www.nature.com/commsenv


automatically preprocesses every tile with precise orbit correction, border
and thermal noise removal, radiometric calibration, and terrain correc-
tion. We do not add any further preprocessing.

Building footprints. We leverage the building layer from the Overture
Maps Foundation’s Open Map Data45, which combines building foot-
prints from diverse sources. In Ukraine, this equates to a total of 26.5M
buildings, with 24.7% coming from OpenStreetMap’s crowd-sourced
database50 and the remaining 20M from Microsoft’s Global Building
Footprints51. We note here that these building footprints have their own
limitations. E.g., OpenStreetMap data may be outdated, and Microsoft
footprints, retrieved from VHR optical imagery with a deep learning
model, may suffer from missing buildings and geometric inaccuracies,
particularly for small buildings. Considering the resolution of Sentinel-1
we only take into account the 15M buildings that exceed 50m2 in surface
area, i.e., they are larger than half a pixel. SupplementaryNote 4 illustrates
some of these limitations.

Machine learning framework
An overview of our machine learning framework is shown on Fig. 5. For a
detailed ablation study of our key design choices, see SupplementaryNote 6.

Definition of time intervals. For clarity, we first define the temporal
acquisitionwindowsused inour study.Time intervalT0 covers one year from
Feb. 24, 2020, until Feb. 23, 2021.The subsequent intervalsT1 toT12 represent
consecutive 3-month time windows, with T1 ranging from Feb. 24, 2021, to
May 23, 2021, and the last interval T12 spanning Nov. 24, 2023, to Feb. 23,
2024. As such, intervals T1 to T4 represent the year preceding the invasion,
while T5 to T12 represent the two years following it.

Time series extraction. For each location marked by UNOSAT, we stack
the corresponding Sentinel-1 tiles and extract all backscatter values, for both
the VV and VH polarizations. Limiting the training to the points annotated
by UNOSAT corresponds to a fully supervised learning scheme where the
target value is known for every training example. Relying only on pixel-wise
time series discards all spatial context. We found that the time series signal
carries most of the information relevant to our analysis, presumably because
conflict-induced building damages are mostly small and localized. Per-pixel
processingalso scalesparticularlywell onparallel processingarchitectures like
the one underlying GEE.

Importantly, Sentinel-1 has the typical side-looking viewing geometry
of SAR sensors, where the same locationmay look very different depending
on the incidence angle and orbit direction (see Supplementary Note 7 for
examples). We, therefore extract the backscatter values independently for
each orbit, resulting in 2 to 4 time series per UNOSAT reference point.
Overall, we obtain 33,304 distinct time series, denoted as xoi , where i denotes
the ID (respectively, location) and o is the orbit index.

Classification. We formulate damage mapping as a supervised, binary
classification. From each time series, we extract two segments: the fixed
reference period xoi; ref and the assessment period xoi; new . The task of the
classifier is to estimate the probability that a war-related change has
occurred in the time window between the two segments. For each seg-
ment and each band, we extract a set ofN statistical features and combine
them into a final feature vector denoted as ϕðxiÞ 2 R4N that forms the
input to the classifier. This strategy has several advantages. First, by fixing
the reference period before the start of the war one can ensure that it
represents the state without any war-induced damages. Second,
extracting fixed-length segments makes the method independent of the
overall conflict duration. Third, using multiple different assessment
periods greatly increases the number of training examples and also helps
to make the model robust against seasonal variations.

As a classification algorithm, we use a Random Forest as implemented
in the SMILE library52, since that algorithm is available off-the-shelf inGEE,
facilitating large-scale deployment. For every input feature vector themodel
outputs a score ŷoi 2 ½0; 1�, which can be interpreted as the likelihood that
war-induced damage has happened between the associated reference and
assessment periods. At inference time, we compute the overall damage
probability map by averaging the estimates from different
orbits, ŷi ¼ 1

No

P
ŷoi .

Training details. We perform all computations directly in GEE. We
train the model on the four AOIs with the highest numbers of
reference labels, Mariupol, NW Kyiv, Rubizhne, and Volnovakha.
Together they represent 75.0% of all UNOSAT annotations and
82.6% of all backscatter time series. The remaining fourteen AOIs are
reserved for evaluation, ensuring geographic diversity (see Fig. 1).We
choose T0 as a fixed reference period and randomly use periods from
T1 to T8 (e.g., spanning one year before and after the beginning of the
war) as assessment periods.

Fig. 5 | Overview of the machine learning framework. For training (left), we use
per-pixel Sentinel-1 time series extracted at the location of UNOSAT point anno-
tations. The model is fed with a pair of time series from the same location. The first
one spans a fixed 12-month time interval T0 from 2020, and the second one spans
one of the 3-month time intervals Tn between 2021 and 2023. Both time series are
encoded with a custom features extractor, and damage labels are dynamically

assigned according to Tn. At inference time (center), the model generates a damage
probability heatmap valid at Tn and spanning the entire country, aggregating the
predictions of different Sentinel-1 orbits. The raw damage probabilities are inter-
sected with building footprints. For the final map the estimates for different time
intervals Tn are thresholded and aggregated.
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The label yi is dynamically assigned to each xi based on the end date
tmax of the assessment period:

yi ¼
0 if tmax ≤ tinvasion;

1 if tmax > tunosat;

�1 otherwise

8><
>: ð1Þ

where tinvasion is 2022-02-24, the day the invasionwas launched; and tunosat is
the acquisition date of the post-event image used for annotation by
UNOSAT. All time series with yi = − 1 are discarded because we cannot
determine whether they contain the damage event. We transform xi into
ϕ(xi) using the following seven summary statistics: minimum, maximum,
mean, median, standard deviation, kurtosis, and skewness. Finally, we
configure the Random Forest to use 50 decision trees, withminLeafPopula-
tion set to 3 and maxNodes set to 10,000. These values ensure sufficient
robustness while remaining within the computational budget per-
mitted by GEE.

Country-wide inference
Aftermodel training, we leverage the parallel computing capabilities ofGEE
to generate damage probability maps for the entire country. We compute
one map for each period seen during training, as well as four additional
maps forT9 toT12, the assessment periods between2023 andFebruary 2024.
Each map, in EPSG:4326 projection and stored in UInt8 format, has an
extent of 88,867 × 201,284 pixels and a file size of 17.88GB.

Post-processing
Toquantify the impact of thewar on theUkrainian building stock,we cross-
reference our maps with the building footprints sourced from Overture
Maps45. For each building bj and each period Tn, we assign a damage like-
lihood ŷj;Tn

by averaging the likelihood values of all pixels that fully or
partially overlap the footprint, weighted by the overlap fraction:

ŷj;Tn
¼

X
i

wijŷi;Tn ð2Þ

Here ŷi;Tn
represents themodel output at pixel i for the period Tn, andwij is

the proportion of that pixel that falls within bj. By construction, this process
also discards all damage estimates that fall outside of buildings, e.g. in
agricultural areas or forests.

To obtain afinal estimate of the numberof buildings impacted over the
first two years of the war, we aggregate themaps for the relevant assessment
periods with the following rule:

ŷj ¼
1 if maxðT ½5;12�Þ≥ t and maxðT ½1;4�Þ < t
0 otherwise

�
ð3Þ

Data availability
All data used in this study is publicly accessible. Links to all results, including
damage heatmaps and building footprints with corresponding damage
estimates, can be found in the repository hosting our code and/or in Zenodo
(https://zenodo.org/records/14811504/).

Code availability
All the code necessary to reproduce our results can be found in the following
repository: https://github.com/prs-eth/ukraine-damage-mapping-tool/.
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