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Abstract

As recent geopolitical conflicts and climate change escalate, the effects of war on the atmosphere remain uncertain, in par-
ticular in the context of the recent large-scale war between Russia and Ukraine. We use satellite remote sensing techniques
to establish the effects that reduced human activities in urban centers of Ukraine (Kharkiv, Donetsk, and Mariupol) have on
Land Surface Temperatures (LST), Urban Heat Islands (UHI), emissions, and nighttime light. A variety of climate indicators,
such as hot spots, changes in the intensity and area of the UHI, and changes in LST thresholds during 2022, are differenti-
ated with pre-war conditions as a reference period (i.e., 2012—-2022). Findings show that nighttime hot spots in 2022 for all
three cities cover a smaller area than during the reference period, with a maximum decrease of 3.9% recorded for Donetsk.
The largest areal decrease of nighttime UHI is recorded for Kharkiv (— 12.86%). Our results for air quality changes show a
significant decrease in carbon monoxide (—2.7%, based on the average for the three cities investigated) and an increase in
Absorbing Aerosol Index (27.2%, based on the average for the three cities investigated) during the war (2022), compared to
the years before the war (2019-2021). The 27.2% reduction in nighttime urban light during the first year of the war, compared
to the years before the war, provides another measure of conflict-impact in the socio-economic urban environment. This study
demonstrates the innovative application of satellite remote sensing to provide unique insights into the local-scale atmospheric
consequences of human-related disasters, such as war. The use of high-resolution satellite data allows for the detection of
subtle changes in urban climates and air quality, which are crucial for understanding the broader environmental impacts of
geopolitical conflicts. Our approach not only enhances the understanding of war-related impacts on urban environments
but also underscores the importance of continuous monitoring and assessment to inform policy and mitigation strategies.

Keywords War - Urban climate - Satellite remote sensing - Environmental impact - Climate feedback

Introduction

Recent times have seen escalated socio-political tensions
across several regions globally. We are arguably living in
one of the most politically sensitive times in recent world
history, such that even climate change has been affected by
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ghr.roshan @ gu.ac.ir; r.rowshan @yahoo.com tional actors (Watts and Conger 2022; Mortoja and Yigitcan-
lar 2022; Asfew et al. 2023; Apraku et al. 2023; Soder 2023).
Climate response to politically charged human activities is
not only limited to the performance of governments during
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Wits, Johannesburg 2050, South Africa Garajeh et al. 2024). For instance, atmospheric air pollution
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significantly increased due to the long-range transport of
organic pollutants during the Kosovo War (Vukmirovi€ et al.
2001), and high levels of gaseous pollutants and particulate
matter were identified in association with the oil fires dur-
ing the Persian Gulf War (Husain 1998). Climate change
and hazards have a close and two-way relationship with
political and military conflicts, such that they may directly
impact each other (Qin et al. 2023; Buhaug et al. 2023). For
instance, the effects of climate change on prolonging and
intensifying droughts can lead to cross-border disputes over
the control of essential resources, such as water (Donnelly
et al. 2012; Gleick 2019; Schillinger et al. 2022; Shumilova
et al. 2023). Conversely, the destructive impacts of war may
have direct consequences on the natural environment (e.g.,
atmospheric chemistry; pollution of water resources; burnt
vegetation) and even influence climate change (e.g., Hern-
don 2019).

On 24 February 2022, Russia attacked Ukraine from sev-
eral fronts. Attacks on civilian and military sites have caused
air, land, and water pollution, especially in the heavily indus-
trialized country of Ukraine (Rawtani et al. 2022; Pereira
et al. 2022). Buildings destroyed by the war in Ukraine
have been emitting carcinogenic dust for decades (Neckel
et al. 2022; United Nations Environment Programme 2022).
Heavy metals and chemicals have seeped into groundwater,
poisoning water supplies and killing aquatic life in rivers
and water bodies (United Nations Environment Programme
2022; Shumilova et al. 2023). The conflict has destroyed
large tracts of agricultural land, burned forests, and
destroyed national parks (Prins 2022; Kordi & Yousefi 2022;
Mansourihanis et al. 2023; Sirizi et al. 2023). Damage to
industrial facilities has caused severe air, water, and soil pol-
lution and has exposed residents to toxic chemicals and con-
taminated water (Ramirez and Durén, 2022; Racioppi et al.
2022; Khosravian et al. 2024; Zhang et al. 2023). Accord-
ing to Ukraine’s Ministry of Environmental Protection and
Natural Resources, about 30% of the country’s protected
areas, which cover 3 million hectares, have been bombed,
polluted, burned, or hit by military maneuvers. Some of the
fiercest fighting of the war took place in the forests along
the Donets River in the east (Yale Environment 360, 2022).
Satellite monitors detected more than 37,000 fires in the
first 4 months of the invasion, affecting nearly a quarter of
a million hectares of forests and other natural ecosystems
(Yale Environment 360, 2022). Thus far, the war has directly
led to over 33 million tons of greenhouse gas emissions,
which inevitably adds to atmospheric warming (BBC News
2022). Possibly less well understood or investigated is the
war’s impact on local urban climate. Important attributes of
urban climate include Land Surface Temperatures (LST),
Urban Heat Islands (UHI), and air pollution, which to a
large extent are controlled by the dynamics of daily urban

activities (Zhou et al. 2014; Morris et al. 2017; Mahmoud
and Gan 2018; Correia Filho et al. 2019; Bilal et al. 2021).

UHIs are areas in cities that have relatively or abnormally
high temperatures compared to other areas of the city (Kumar
et al. 2023). UHIs are influenced by both local (natural) cli-
matic parameters and human-induced factors related to urban
development and activities. Climate factors include solar
radiation, wind velocity and direction, cloud cover, soil and
air humidity, precipitation, latitude, seasonality, topography,
and distance from water bodies (Hathway and Sharples 2012;
He BJ 2018; Lin et al. 2020; Ngarambe et al. 2021). Although
these factors are almost uncontrollable in existing cities, they
are very important for deciding the location of new cities
or determining the direction of future city expansion. More
controllable climatic factors are those related to the design
and construction of the city. For example, the quality of veg-
etation in the city, land use, urban density, the type of mate-
rials used on the exterior of buildings and streets, the shape
and geometry of urban structures (which collectively impact
incoming solar radiation and energy dispersal), heat absorp-
tion/reflection, and airflow (Kooreman et al., 2020; Correia
Filho et al. 2021; Ma et al. 2022; Husni et al. 2022; da Silva
Espinoza et al. 2023; Hou et al. 2023). Significant changes
in the thermal budget of cities may arise through relatively
rapid and dramatic changes in human activities. Examples of
this have recently been published, demonstrating how urban
“lock-downs” or much reduced urban activity (vehicular
and air traffic, industrial output) associated with the global
coronavirus disease 2019 (COVID-19), have in places
improved air quality (e.g., Rodriguez-Urrego & Rodriguez-
Urrego 2020; Beria and Lunkar 2021; Nemati et al. 2020;
Rudke et al. 2023) and decreased urban heat budgets, hence
reducinzg the effects of UHIs (Parida et al. 2021; Kenawy
et al. 2021; Jamei et al. 2022; Jallu et al. 2022; Roshan et al.
2022; Mijani et al. 2023). Similarly, it may be expected that
outmigration from cities and reduced urban activity during
times of war, will have an impact on the urban climate. Our
aim is to test this, using the recent Russia-Ukraine war as
our case study. We investigate how this war has impacted the
urban climates (UHI, LST in particular, and quality air) of
Donetsk, Mariupol, and Kharkiv (Fig. 1).

To better highlight the innovative aspects and significance
of this study, it is important to emphasize the unprecedented
nature of investigating urban climate changes in the con-
text of an ongoing war. This study bridges a critical gap by
combining environmental science with geopolitical analy-
sis, offering new insights into how extreme socio-political
events can rapidly alter urban microclimates. By focusing
on urban heat islands and land surface temperatures, this
research not only contributes to urban climate science but
also provides essential data that could inform future urban
planning and resilience strategies in conflict zones. The use
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of satellite monitoring and advanced modeling techniques
in a war-affected region underscores the innovative meth-
odological approach of this study, which can be replicated
in other conflict zones globally.

In summary, this research seeks to understand the broader
implications of war on urban environments, emphasizing the
need for interdisciplinary approaches to address complex
global challenges.

Local setting, materials, and methods

The spatial context of urban destruction in the three cities
is presented in Fig. 2 and is based on a report by the United
Nations Satellite Center (UNOSAT) (unitar.org, 2022).
UNOSAT prepared images for different parts of the cities
and for specific dates, upon which the extent of destruc-
tion could be determined, together with onsite validation.
It is important to note that the results presented in Fig. 2
do not represent the full extent of destruction for the entire
urban areas investigated and are only representative for a
given point in time (i.e., the results depicted would have
changed through ongoing time). For example, it is possible
that where only two images are available for a given city,

only portions of the city are covered. Figure 2 only shows
areas of complete destruction, not partial destruction. On
this basis, Fig. 2 indicates completely destroyed areas of
Kharkiv, based on a video report dated 24 April 2022 and
21-23 March 2022, and for Donetsk, a similar report dated
26 and 28 March 2022. The spatial pattern of destruction in
Mariupol is based on combined results from several image
reports (23 and 26 March 2022, 1, 3, 5, 25, and 28 April
2022, and 15 June 2022).

Remote sensing data for establishing hot
spot analysis

The MOD11A1 V6.1 product is a daily global surface
temperature product derived from the MODIS instrument
onboard NASA’s Terra satellite. With a spatial resolution
of 1000 m and daily temporal resolution since 2012, it has
served to monitor and analyze land surface temperature
trends and variability and help determine climate change
impacts, thus making it an important component of the Land
Data Assimilation System (LDAS). Although our initial LST
data had a resolution of 1000 m, it was downscaled to 500
m based on the code written on the Google Earth Engine
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platform. We used the MOD11A1 V6.1 product to perform
a hot spot analysis using nighttime data.

To complete and implement a spatial analysis of tem-
perature, the Spatial Statistics Tools section of the Mapping
Clusters subset (Getis-Ord Gi) is used. Hot spot analysis,
which entails calculating the Getis-Ord G * [ statistic for air
temperature, was used in the Arc GIS software V.10.8. The
G =i value is a z-score indicating where high or low values
are clustered. For a hot spot to be statistically significant, a
specific location should have a high value and be surrounded
by high values. The Getis-Ord is calculated as follows (ESRI
2018; Roshan et al. 2022):

G = ZFIW,-J—XEF]W,-,,-

l

n-y "W .2. -T W) M
J= 1,] J= k

)

n—1

where i is the resultant Gj.‘ statistics (z-scores and p values)
for pixel i, xj is the LST value for pixel j, wi,j is the spatial
weight between pixel i and neighboring pixel j, n is equal
to the total number of pixels, and X and S are mean and
variance:

PR

n

X= @

and

i (%) ®
n

The G7 statistic (z-score) output represents the statis-
tical significance of clustering for a specified distance
(ESRI 2018). The z-score was then compared with a range
of values using seven confidence levels (Table 1): —0.01
(values <£2.58); — 0.05 (values ranging from —2.58
to—1.96); — 0.1 (values ranging from — 1.96 to — 1.65); 0
(values ranging from — 1.65 to 1.65); 0.1 (values ranging

Table 1 Classification based on p value and z-score (Georgiana and
Uritescu 2018; Roshan et al. 2021)

Significance Critical value (z-score) Class No Class name
level (p value)

-0.01 <2.58 1 Very cold spot
—0.05 —2.58t0—1.96 2 Cold spot
-0.10 —1.96 to—1.65 3 Cool spot

0 —1.65to 1.65 4 Not significant
0.10 1.65 to 1.96 5 Warm spot
0.05 1.96 to 2.58 6 Hot spot

0.01 >2.58 7 Very hot spot

@ Springer

from 1.65 to 1.96); 0.05 (values ranging from 1.96 to
2.58); and 0.01 (values >2.58). The seven levels corre-
spond to seven classes that LST values were assigned to.
These are most important for analyzing “very cold spots”
and “very hot spots,” which define areas with extreme val-
ues. In this study, we only consider nighttime hot and cold
spots.

Establishing the intensity of UHIs

To establish the intensity of UHIs, two indicators were
used. The first is to calculate the average temperature for
all areas with a z-score > 2.58. The G statistic has differ-
ent z-scores. Areas with a z-score > 2.58 are introduced
as hot spots, with the highest level of significance =99%.
Temperature differences for urban areas were calculated
and compared with the overall average for the suburbs
(urban fringe—referred to as “rural”). This method is
introduced using the abbreviation G;*UHII:

Gi*UHIL = LST, _ — LSTgyy 4)

In Eq. (4), Gi*UHII is the UHII index, ﬁzm is the over-
all average LST of areas with z-score >2.58 and LSTy,,
is the overall average LST for rural areas. For the second
method, the temperature difference between the temperature
of each pixel (LST} ), compared to the overall average tem-
perature of the countryside (village), ﬁRural, is calculated.
An output is then extracted for each pixel, upon which map-
ping is also undertaken. This method is introduced using the
abbreviation urban heat island intensity per pixel (UHIIP):

UHIIP = LSTp — LSTgyy (5)

Due to human-engineered structures and infrastructure,
temperatures of UHIs are significantly higher than those for
surrounding rural areas. This is a consequence of urban areas
being unable to absorb and radiate heat in the same way that
rural areas are able to. For urban citizens, it is thus important
to carefully consider where to take up residence, given that
the effects of the UHI are spatially variable. In our analysis,
we consider it beneficial to select suburbs of similar size
and population density to establish the effects of conflict on
UHIs. Suburban boundaries may be identified in accordance
with high clusters (density) of urban structures represent-
ing urban centers. In so doing, we identified a distance of 3
km from the city boundary to define the spatial context of
suburbs. During nighttime, the UHI effects become more
evident due to the greater thermal inertia of the materials
used in urban fabric (Arellano and Roca 2021), Therefore,
in this study, we only consider UHI during the night.
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Satellite data and air quality determination

Air quality is only determined through satellite data, as
ground monitoring stations have for the most part been
destroyed and/or it has been impossible to obtain station
data since the start of the war. We use the TROPOMI
instrument on board the Sentinel-precursor (S5P) to
establish the concentration columns (umol m~2) of gases
and particulate matter. Pollutants captured and measured
include CO and UVAI_AAI (UV Aerosol Index (UVAI)/
Absorbing Aerosol Index (AAI)) (Zalakeviciute et al.
2020). The UV aerosol index (UVAI) provides a meas-
ure of aerosol absorption (Ali et al. 2014; Hammer et al.
2016). We use the TROPOMI offline level 2 AER_AI
absorbing aerosol index product from the 340 nm/380 nm
(Kooreman et al. 2020). Our study period includes the
first year of the war (2022) and 3 years before the war
(2019-2021) as a reference period. Daily satellite data
were obtained for each city over these periods of time,
upon which concentrations of atmospheric pollutants (CO
and AAI) were calculated.

Satellite data and analysis for nighttime
light

The US Defense Meteorological Satellite Program
(DMSP) has developed an Operational Linescan System
(OLS) with the aim to remotely measure the faint reflec-
tion of moonlight by clouds at night and to obtain the
inversion of nighttime meteorological data (Huang et al.
2023). The Day/Night Band (DNB) on the VIIRS sensor,
onboard the Suomi National Polar-Orbiting Partnership
(Suomi-NPP) and NOAA-20 satellites, is a panchromatic
band that is able to detect very dim nighttime scenes
(Wang et al., 2017). To this end, we use the VIIRS Stray
Light Corrected Nighttime Day/Night Band Composites
Version 1 Average DNB radiance values product from
the milliJoules per square meter (MJ m~2) (Elvidge et al.
2017). The annual average nighttime light for each urban
pixel was calculated, based on total pixels over a given
urban area. An overall average pixel value was then cal-
culated for each year, as per the time periods mentioned
for air quality data.

A particular value of OLS is its ability to capture urban
light during clear nights (Croft 1978; Deren and Xi 2015;
Huang et al. 2023). This has led to several nighttime light
remote sensing applications for studies assessing urbani-
zation (e.g., Chen et al. 2023), population change (e.g.,
Wu et al. 2023), economic activity (e.g., Guo et al. 2020;
Chen et al. 2023), conflict assessment (e.g., Huang et al.

2023), greenhouse gas emissions, and the environment
(e.g., Zhang et al. 2020; Li et al. 2023). Of further value
using OLS is the provision of a sense of ongoing socio-
economic (human) activity in war-torn urban regions, for
which information may otherwise be difficult to come
by. It may help establish which parts of a city still have
electricity, or conversely, establish the extent of economi-
cally damaged areas without electricity. Ultimately, multi-
temporal night-time light can provide initial scientific
information for purposes of recovery, areas of targeted
humanitarian aid, and post-disaster reconstruction efforts
(Qiang et al. 2020). The specifications of the VIIRS day/
night band (DNB) sensor are presented in Table 2.

Results

Analysis of nighttime hot spots and urban heat
islands

Values of — 1 to—3 (1 to 3) have been identified as cold
(hot) points, with significant changes of between 90 and 99%
recorded (Table 1). For the city of Kharkiv, the percent-
age area of cold and hot classes for the reference period
(2012-2022) is 23.53 and 24.26%, respectively, during
the night (Figs. 3b and 6). Hot and cold spots in 2022 had
decreased to 21.78 and 20.76%, respectively (Figs. 3a and
6).

The spatial distribution pattern of hot spots for the refer-
ence period is represented by two zones and the main belt,
which occurs over the western half of the city. Although this
belt has a north—-south (N-S) extension, it is more evident
over northern than southern parts. Over the eastern half, the
north—south belt has expanded, while its primary impact is
visible over the southern half (Fig. 3b). During 2022, there
is a distribution of hot spots over both western and eastern
districts; however, the primary difference with the reference
period is that the main area of hot spots in western Kharkiv
is over southern parts. Eastern Kharkiv has scattered cores of

Table 2 Specifications of the VIIRS sensor Day/Night Band (DNB)
(after Mills et al. 2013; Elvidge et al. 2017, 2021)

Specifications

Delivery file type (*.tif) Internal DEFLATE compressed Geo-

TIFF(*.gz) Gzipped GeoTIFF

Delivery file content avg_radeSh, cf_cvg, cvg

Delivery file config vem, vemsl

Unit (avg_rade9h) nW/cm?/sr

Image file type GeoTIFF

Image CRS EPSG:4326 (geographic latitude/longitude)

Image resolution 15 arc-sec (~500 m at the Equator)
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Fig.3 Spatio-temporal distribu-
tion of hot spot analysis: a
nighttime 2022, b nighttime
reference period (LST), ¢
nighttime 2022, d nighttime
reference period and urban heat
island intensity, e nighttime
2022, and f nighttime reference
period for Kharkiv

hot spots in 2022, in contrast to the more spatially continuous
hot spots during the pre-war years. The location of cold spots
also differs between 2022 and the reference period. Although
the highest concentration of cold spots occurred over the
eastern periphery regions of the city during the reference
period, this shifted to a greater concentration of cold spots
over the central parts of the city in 2022. In addition, we note
a cold core over the southern parts of the city for the refer-
ence period, which disappears in 2022 but is characterized
by warm cores over immediate neighboring areas (Fig. 3a, b).

The LST ranges by between 5 and 8°C during the refer-
ence period, while for 2022, it ranges between 4.5 and 8.5°C.
For the reference period, the maximum area (40%) has a
temperature class of 6.5-7°C, and in 2022, the maximum
area (36.5%) has a temperature class of 6-6.5°C (Fig. 3c,
d). The curve for 2022 is more positively skewed, indicating
lower-than-normal temperatures (Fig. 7).

Variations in the intensity of the heat island may change
due to a variety of local and extra-local factors. According

@ Springer

(b)

Gi_Bin

Very cold spot
Cold gpot
Cool Spot

Not significant
Warm spot

Hot spo
Very hot spot

ENTILY SR
a=inlohoe
HWUIT]\O_‘H
A R e
i a=inlon
BOSRARDDS

-1.90--1.47
-1.46-1.03
-1.02--0.59
-0.58--0.15 ©
0.14-0.29 (°C)
0.30-0.73
0.74-1.11

to the G,"UHII method, the intensity of the heat island in
2022 is greater than that during the reference period. The
UHII for the reference period and for 2022 were 1.18 and
1.37°C, respectively.

Significant differences in the urban heat island are
observed between the reference period and that of 2022. For
the reference period, areas that experienced a decrease and
increase in temperature (UHII) is 17 and 83%, respectively,
while in 2022, areas that decreased represented 29.86% and
areas of increased temperature 70.15% (Fig. 8). For both
study periods, the maximum decrease in temperature is
observed over eastern, northern, and central areas of the
city, while areas of increased UHII were patchy over some
eastern and western parts of the city (Fig. 3e, f). The find-
ings of this section show that among the investigated cities,
Kharkiv has experienced the largest area decrease in UHII
(12.86% decrease) during the night (Fig. 8).

For Donetsk city, the total area of significant cold and
hot classes (significance >90%) as a night average for the
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Fig.4 Spatio-temporal distribu-
tion of hot spot analysis: a
nighttime 2022, b nighttime
reference period (LST), ¢
nighttime 2022, d nighttime
reference period and urban heat
island intensity, e nighttime
2022, and f nighttime reference
period for Donetsk

reference period, were 22.2 and 26.5% of the total city area,
respectively (Figs. 4b and 6). The area of cold spots was
22.2%, representing a smaller area compared to hot spots,
which occupied 26.5% (Figs. 4b and 6). For 2022, the total
area of significant cold and hot classes (significance > 90%)
was 18.4 and 22.6% of the total city area, respectively
(Figs. 4a and 6).

The spatial pattern of hot and cold spots during the refer-
ence period and 2022 show both similarities and differences.
For example, for both periods, cold spots are concentrated
over the southeast, northwest, and southern areas of the city.
However, for the reference period, a cold core was observed
over the southwestern portion of the city, of which there is
no trace in 2022. The arrangement of hot spots was concen-
trated over the northern half of central Donetsk during the
reference period, while during 2022, hot spots were more
scattered and “patchy,” with a lower density over central
parts of the city than during the reference period (Fig. 4a, b).

The LST fluctuates from a minimum of 5.5°C to a maxi-
mum of 8°C for the reference period, and in 2022 this
temperature fluctuation is from 4 to 8§°C. For the reference
period, the maximum area (27.44%) is for the temperature
class 7-7.5°C, while the maximum area in 2022 (31.82%)
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was for the temperature class 6-6.5°C (Fig. 4c, d). The
curve for different temperature classes indicates that the
frequency of low-temperature occurrences in 2022 was
higher than that for the reference period (Fig. 7). When
examining changes in UHII using the G,"UHII method, the
UHII value for 2022 was 1.46°C, and that for the reference
period was 1.53°C.

The UHII ranged from — 1.5 to 2.5°C during the refer-
ence period, while that in 2022 ranged from — 1.5 to 2°C
(Fig. 4e, f). Areas with decreasing and increasing UHII were
25.24 and 74.77%, respectively, for the reference period, and
24.97 and 75.02%, respectively, in 2022—hence very simi-
lar (Fig. 8). Spatial changes of the UHII pattern show that
there is a maximum increase in UHII over the northern half
of central Donetsk, with expansion toward western, east-
ern, and southern parts of the city. Northwestern and south-
western parts of the city record maximum declines in UHII
between the two study periods (Fig. 4e, f).

Mariupol city records significant cold and hot classes
(significance > 90%) over 14.36 and 16.12% of the total city
area, respectively (Figs. 5b and 6). In 2022, significant cold
and hot classes (significance > 90%) cover 11.90 and 15.85%
of the total city area, respectively (Figs. 5a and 6).
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Fig.5 Spatio-temporal distribu- (a)
tion of hot spot analysis: a
nighttime 2022, b nighttime
reference period (LST), ¢
nighttime 2022, d nighttime
reference period and urban heat
island intensity, e nighttime
2022, and f nighttime reference
period for Mariupol city

The spatial pattern of cold and hot spots shows that the
cold core over the western half of the city is stronger dur-
ing the reference period than in 2022. During the reference
period, hot spots extended from north to south, which then
changed to a west—east extension in 2022 (Fig. 5a, b).

During the reference period, different areas of the city
experienced variable LST values of between 6 and 13°C
at night but were reduced to between 6 and 11°C in 2022
(Fig. 5c, d). The curve for different temperature classes indi-
cates that the frequency of low-temperature occurrences in
2022 was higher than that for the reference period (Fig. 7).
For the reference period, the largest area of the city (32.28%)
recorded a temperature class of 9 to 10°C, but in 2022, the
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maximum area (60%) recorded a temperature class of 7 to
8°C (Fig. 5c¢, d).

Changes in the UHII using the G,*UHII method indicate
nighttime values of 2.38 and 2.44°C for 2022 and the ref-
erence period, respectively. The UHII ranged from — 1.5 to
6°C during the reference period, while that in 2022 ranged
from — 1.5 to 4°C (Fig. Se, f). Areas with decreasing and
increasing UHII were 16.75 and 83.25%, respectively, for
the reference period, and 16.90 and 83.10%, respectively,
in 2022—hence very similar (Fig. 8). Spatial changes of
the UHII pattern show that there is a maximum increase
(decrease) in UHII over the eastern half (western half) of
Mariupol, visible for both periods (Fig. Se, f).
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Fig.6 Total area occupied by cold and hot spots (significance >90%)
during the night

The impact of war on air quality

AAI index results for all three cities show that there is a
significant difference between the war year (2022) and the
3 years prior to the war (Fig. 9). In 2022, the maximum
frequency of AAI tends toward positive values, while it is

60 '
Mariupol
— 2022
40 — Reference Period
g2
“g
<
0
-20

Area(%)

negatively skewed in earlier years. In Kharkiv, 53% of days
during 2022 recorded positive AAI values, significantly
higher than for previous years (24% in 2019; 13% in 2020;
36% in 2021) (Fig. 9). Index scores show a similar pattern:
2022 = -0.20, and years 2019 to 2021= —-0.74,-1.02,
and — 0.59, respectively (Fig. 9). A shift to more positive
AAI values is indicative of higher concentrations of aerosol
plumes, as was the case in 2021, and more particularly so in
2022. Results for Donetsk show that in 2022, 28% of days
had positive AAI values, while earlier years had consider-
ably fewer positive AAI days (7% in 2019; 5% in 2020, and
17% in 2021) (Fig. 9). The same pattern (i.e., % of days
with positive AAI results) is recorded for Mariupol (33.5%
of days in 2022 as opposed to 6.71, 2.22, and 2.72% for the
years 2019 to 2021, respectively). AAI index scores simi-
larly follow a consistent pattern for all three cities (Fig. 9).
Overall, the city experienced a—2.7% decrease in mean
CO values in 2022, compared with the mean for the three pre-
vious years when values ranged from 23.3% of days in 2022
to 26.6% of days in 2019 (Fig. 10). For Kharkiv, the annual
CO value was lowest in 2022 (0.035 mol m~2) and ranged
from 0.035 mol m™ in 2022 to 0.039 mol m™* in 2021. For
Donetsk, CO varies from the lowest value in 2022 (0.036 mol
m~2) to the highest value in 2019 (0.046 mol m~2). Similarly,
Mariupol had the lowest CO values in 2022 (0.038 mol m~2),
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— Reference Period

204

=20+

445 455 555 556 665 657 775 758 885 859
LST(°C)

546 67 78 89 9710 1011 1112 1213

LST(°C)

30

20

S

1

)

<10

0

Donetsk

= 2022
— Reference Period

354 445 455 555 556 665 657 775 758 885 859 90.1

LST(°C)

Fig. 7 Frequency of area located in different LST classes for 2022 and the reference period in the three cities
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Mariupol |Donetsk| Kharkiv Mariupol |Donetsk| Kharkiv

Reference Period 2022
I Decrease [l Increase

Fig.8 Percentage areas with increasing and decreasing nighttime
UHII, with maximum and minimum temperature UHI thresholds (°C)
for the three cities

compared with a mean value of 0.042 mol m~2 for the 3 years
prior (Fig. 10). There is thus a unanimous pattern across all
three cities, showing reduced CO values in 2022.

Nighttime lights before and during the war

As might have been expected, nighttime light (NTL) values
in 2022 were reduced in all three cities (by 21.3%), com-
pared to values in earlier years. The mean NTL index value
for Kharkiv in 2022 was 41.20 MJ m™2, compared to an aver-
age of 138.3 MJ m~ for the 3 years prior—this represents
a 21.3% reduction in 2022 (Fig. 11). The mean NTL index
value for Donetsk in 2022 was 42.70 MJ m~2, compared to
an average of 51.2 MJ m~2 for the 3 years prior—this repre-
sents a 4.3% reduction in 2022. The mean NTL index value
for Mariupol in 2022 was 21.52 MJ m™2, compared to an
average of 78.1 MJ m™ for the 3 years prior—this represents
a22.1% reduction in 2022.

Discussion

Our findings show that of the three cities investigated,
Mariupol has the smallest area occupied by cold and
hot spots during both the reference period and 2022. We
postulate that the Black Sea has a moderating influence
on the urban climate of Mariupol and likely helps regu-
late temperatures over the city. Past studies have simi-
larly confirmed that water bodies (oceans, seas, lakes,
and large rivers) may influence the behavior of UHIs.
For instance, it has been confirmed that large rivers
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(Murakawa et al. 1991; Hathway and Sharples 2012;
Moyer and Hawkins 2017) and sea breezes (e.g., He et al.,
2020) have a cooling effect on adjacent cities (urban heat
islands). Most notable is the overall decreased area of
nighttime hot spots in 2022 compared to the reference
period for all three cities. We thus propose that the recent
war in Ukraine has likely played a role in reducing the
area of nightly hot spots in these cities.

A large number of war-related refugees have emigrated
from Ukraine, starting as early as February 2022 (Andrews
et al. 2023). This migration of several million people, mainly
to neighboring European countries, has been unprecedented
since World War II (Bouchard et al. 2023). For example,
during the first 2 months of the war, more than 3 million
refugees entered Poland (Lee et al. 2023). Based on a report
by the “Institute for System Statistical Studies” (Bouchard
et al. 2023), an estimated 3.7—4.0 million people had fled the
country by 15 March 2022. The number of refugees (10%
of the country’s total population) corresponds with an even
higher number of internally displaced people (6.5 million
by mid-March 2022, according to UNCHR) (Bouchard et al.
2023). Essentially, it equates to>25% of the total population
(including the urban population) having left their places of
residence. The consequence of this is a likely higher percent-
age of economic downturn, although this is as yet difficult
to quantify temporally.

Outmigration of people from urban areas and associated
reduced economic activity is known to yield reduced heat
budgets and air pollution in affected cities. For example,
such scenarios have been quantified for the Beijing metropo-
lis before and after the Chinese New Year, when nearly half
of Beijing’s population is estimated to depart the city each
year (Zhang et al. 2015).

More recent studies have confirmed similar patterns
in association with forced urban lockdowns associated
with the COVID-19 pandemic, namely that LST and UHIs
were reduced when compared with years prior to the pan-
demic (Parida et al. 2021; Kenawy et al. 2021; Roshan
et al. 2021, 2022; Jamei et al. 2022; Jallu et al. 2022;
Mijani et al. 2023).

Our study has demonstrated varying patterns of atmos-
pheric pollution in Ukrainian cities in 2022, likely associ-
ated with the recent war. This includes reduced CO levels
(by 3.3%) but increased AAI (by 27.2%). Carbon monoxide
(CO) is known to be a major trace gas in urban environ-
ments, associated with biomass burning, fossil fuel combus-
tion, and the atmospheric oxidation of methane and other
hydrocarbons (Abonomi et al 2022; Opio et al. 2021). It is
thus likely that with outmigration from the affected cities
and despite the pollutants released through military activ-
ity, the net effect has been a reduction in such CO-emitting
sources. Notably, the CO concentration in the investigated
cities in 2022 is not too dissimilar to that in 2020. We
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ues for the three cities

postulate that reduced CO levels in 2020 were related to the
COVID-19 pandemic urban lockdown and hence reduced
human activities, as was the case in many urban regions
worldwide (Mahato and Ghosh 2020; Chen et al. 2020;
Bray et al. 2021; Barua and Nath 2021; Cucciniello et al.
2022). In addition, it has already been demonstrated that
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NO, concentrations in Ukrainian cities have decreased by
10.7-27.3% due to the war (Zhang et al. 2023).

Increased concentrations of AAI in the atmosphere may
indicate the presence of suspended UV-absorbing particles in
the air, such as dust and smoke. It seems most likely (although
difficult to prove quantitatively) that the destruction of
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Fig. 11 Mean annual NTL values for the years 2019-2022 (2019-2021 representing pre-war years)

buildings (which leads to the production of dust) due to bomb-
ing, or the release of smoke from fires and military activities,
has yielded a significant increase in AAI over eastern Ukrain-
ian cities. This inference is also supported by a study demon-
strating that the war in Ukraine has led to an increase in T550
concentration (Aerosol Optical Thickness) in the areas around
Kiev (Neckel et al. 2022). Furthermore, Kiev’s air quality has
also been affected by increased O; and a 75% reduction in SO,
concentration (Zalakeviciute et al. 2022). A growing concern
has been that increased urban air pollution in association with
bombing and fires may already have led to considerable health
concerns (Zalakeviciute et al. 2022).

At this point, we acknowledge that the connection
between war and reduced economic activity is one based on

reasonable assumptions rather than quantitative information.
An important factor that may help confirm the assumption
made is the NTL value. The brightness of night lights is not
only closely correlated with economic activities (e.g., Guo
et al. 2020; Chen et al. 2023) but may also indicate the vul-
nerability of cities to natural disasters, such as floods, earth-
quakes (Yu et al., 2023), or the relationship between night-
time light and the incidence of deaths caused by COVID-19
(Zhang et al., 2023). In addition, warring parties may use
such NTL to identify urban areas not yet destroyed and
thus provide a measure for ongoing targets. The substantial
reduction (16%) of NTL in our three investigated cities thus
provides a good indication that economic/human activity
was significantly reduced due to the war in 2022.
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Conclusion

Some of the most significant consequences of war are the
destruction of infrastructure, the economic downturn, and
the deprivation of human well-being. In some cases, the
urban fabric that has been built up over centuries may be
destroyed in a matter of a few days or months. Recent stud-
ies have shown that the Russia—Ukraine war had a direct
impact on atmospheric gas and aerosol concentrations in
Ukraine. For instance, there has been a reduction in nitrogen
dioxide (NO,) (Zhang et al. 2023) and an increase in the
concentration of T550 (Aerosol Optical Thickness) (Neckel
et al. 2022) as a direct consequence of the war. This paper
has demonstrated, through the use of remote sensing tech-
niques, how urban climates (i.e., UHI, LST, and air quality)
in eastern Ukraine have also been impacted by war.

As our findings show, there are differences in patterns
of atmospheric pollution in these cities as a direct conse-
quence of war. Such differences may be accounted for by
varying levels of conflict and human outmigration across
“space”—but these are difficult to quantify with precision. In
addition, it is likely that other factors, such as regional syn-
optic patterns, topography, distance and proximity to water
bodies, etc., have impacted some of our findings and may
account for inter-city variability in observed patterns (see
also Bernardino et al. 2021; Ghanghermeh et al. 2022; Yang
et al. 2023; Yin et al. 2023). Urban air quality and associated
human health implications associated with wars, such as the
ongoing war in Ukraine, require ongoing research and media
attention, particularly as this is a relatively underreported
component of human conflict but indeed impacts lives.
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