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ENGLISH ABSTRACT

Air quality assessmeid an important tasldue to the adverse effectsanf pollution on human health.
This importance is more highlighted wh#rcomes toexceptional events such asrwgarly 2022
witnes®dthestart of a military conflict between Ukraine and Russiawik any similarevent this
war influences the enviranent from different aspestThe objective of this thesis is assess and
predict waraffected air qualityn Ukraing for which the projectdraws on two phases:

(i) Phase 1 deals withir quality monitoring (AQM)using Sentinel5P imageryand google egh
engine The monthly emissionof four gaseous pollutants including ozones)(Qnitrogen dioxide
(NOy), formaldehyde (HCHO), and carbon monoxide (@02022 is compared to 2019 and 2021 as
businessasusual (BAU)period.The focus of this evaluatiois on five major cities, namely Kiev,
Kharkiv, Donetsk, Kherson, and LvivAccording to the resultsthe generaltrend of the Os
concentrationis found to be increasing, whereld®., HCHO, and CJollow mostly a decreasing
trend. However, the records of Lviv in terms of l@&nhd HCHOindicatesignificant discrepancies
with othes cities that are deemed war frontdoreover based on the appligetest the differences
between the emission in 2022 vs. BAU years in most @aasestatistically significanill in all, this
phase revealed evident effects of the ongoing avathe anthropogenic activities in Ukraine, and
consequently, changes in air pollution.

(i) Phase 2employsa novel optimized machine learning modet predicting war-affected air
pollution in Kiev.In so doinga welkknownmachine learning model, nametwulti-layer perceptron
neural network (MLPNN)s coupled withelectromagnetic field optimization (EF@)gorithm to
predictthe daily concentration opaticulate matter 2.5RM.s). Initially, a datasetis prepaed by
collectingsevenmeteorologicafactors(humidity (H), temperature (T), dew point (DRind speed
(WSp), wind direction (WD), solar irradiance (Sl), sea level pressure Y Shfe atmospheridactors
(the concentration dD3, NO2, and CQ, and one temporal factodgy number (DN)from different
resources. Nextprincipal component analysis (PCAg used o determine the most contributive
factors and based on the resulisieduced dataset is created corepas H, T, Gs;, CO, SI, and DN
Four scenarios ardefinedby considering the reduced/originddtasetaong with, predicting the
currentdayoneday-aheadPM.s. A sensitivity analysis revead that themost accurate results are
achieved for predicting oneday-ahead PM25 using the reduced dataseffter adjusting the
configuratiors of both MLPNN and EFO, thEFO-MLPNN hybridis createdand its performance is
compared to classical MLPNN arahother machine learning model calladaptive neurduzzy
inference system (ANFISAccording to thepredictionresults,the EFO-MLPNN with root mean
square error (RMSE).68 ug nm® and Pearson correlation coefficient R0.82 outperformed both
MLPNN (RMSE =7.51ug nm® andRp = 0.79 and ANFIS(RMSE =7.98 uyg m® andRe = 0.73).
Thesefindingsinfer thatoptimizing the MLPNN by EFO improwgprediction accuracyHence, the
proposed hybrid model is recommended foore practical air quality estimationsLastly, a
monolithic neurabased formula is extracted from tBEO-MLPNN hybrid fortheexplicit predicton
of PMzs.

Notwithstandinga fewlimitations this propct demonstratefe applicability of Sentinel5P imagery
and machine learnin@r reliableair quality assessmedtiringthewar.



ITALIAN ABSTRACT

La valutazione della qualita dell'aria & importante a causa degli effetti negativi dell'inquinament
atmosferico sulla salute umana. Quedievarza € maggiormente evidenziata quando si tratta di
eventi eccezionali conguelli bellici. L'inizio del2022 ha vistod scoppiadi un conflitto militare tra
Ucraina e Russia. Come per qualsiasi evehtgquesto tipp questa guerrata avendo influenza
sul | 6 a bhdbietiva di questa tesi e valutare e prevedere la qualita dedl'seguito dellguera

in Ucraina La ricerca si & sviluppata gue fasi:

() La Fase 1 si occupa del monitoraggio della qualita dell'aria (AQM) utilizzando le immagini
Sentinel5P ela piattaformaGoogle EartiEngine (GEE) L'emissione mensile di quattro inquinanti
gassosira cui 0zono Qs), biossido di azotoNO), formaldeide (HCHO) e monossido di carbonio
(CO) nel 2022 viene confrontata con il 2019 e il 2021 come pefindomale. Il focus di questa
valutazione € su cinque grandi citkdev, Kharkiv, Donetsk, Khersonleviv. Secondo i risultati, la
tendenza generale della concentrazion®dgrisulta essere crescente, men¥®,, HCHO e CO
presentano sostanzialmentea tendenza decrescente. Tuttavidati relativi alla citta diLviv in
termini di NO, e HCHO indicano discrepanze significative con altre citipitsopiu direttamente
dagli eventi bellici Inoltre, sulla base del testi Studentapplicato, le differenze tra I'emissione nel
2022 e gli anni" n o r nmella maggior parte dei casi sonotistacamente significative. Tutto
sommato, questa fase ha rivelato evidenti effetti della guerra in corso sulle attivita antropiche
Ucraina e, di conseguenza, cambiamenti nell'inquinamento atmosferico.

(i) La Fase 2 utilizza un nuovo modello di apprenento automatico ottimizzato per prevedere
l'inquinamento atmosferico causato dalla guesta citta diKiev. In tal modo, un noto modello di
apprendimento automatico vale a dire la rete neurale MLPNN é accoppiato con l'algoritmo ¢
ottimizzazione del @ampo elettromagnetico (EFO) per prevedere la concentrazione giornaliera d
particolato 2.5 PM.s). Inizialmente, viene poisposo un set di dati raccogliendo sette fattori
meteorologici(umidita (H), temperatura (T), punto di rugiada (DRglocita del vento (WSp),
direzione del vento (WD), irradianza solare (SI), pressione al livello del r8ar)) tre fattori
atmosferici (la concentrazione @, NO. e CO) e un fattore temporale (numero del giorno (DN))
Successivamente, l'analisi deltemponenti principali viene utilizzata per determinare i fattiori
maggiorecontribub e, sullabase ai risultati, viene creato un set di dati ridotto composto da®s, T,
CO, Sl e DN. Vengono definiti quattro scenari considerando il set di dati Ymigioale, insieme

alla previsione del giorno correntilla base della concentrazioR®M, s del giorno precedente.
Un'analisi di sensibilita ha rivelato che i risultati piu accurati si ottengono per preveddtgsiton

un giorno di anticipo utilizzaral il set di dati ridotto. Dopo aver regolato le configurazioni sia di
MLPNN che di EFO, viene creato l'ibrido ER@LPNN e le sue prestazioni vengono confrontate con

il classico MLPNN e un altro modello di apprendimento automatico chiamato sistema adattivo
inferenza neurduzzy (ANFIS). Secondo i risultati della previsione, I'EMRPNN con errore
guadratico medio (RMSE) 6,68 ug8e coefficiente di correlazione di PearsBg) (0,82 ha superato

sia MLPNN (RMSE = 7,51 pg 8 eRp = 0,79) che ANFIS (RMSE %,98 ng m3 eRp = 0,73).
Questi risultati deducono che I'ottimizzazione dellMLPNN da parte di EFO migliora I'accuratezz:
della previsione. Pertanto, il modello ibrido proposto € raccomandato per stime piu pratiche del
gualita dell'aria. Infine, dall'tido EFOMLPNN viene estratta una formula monolitica su base
neurale per la previsione esplicita &, s.

Nonostante alcune limitazioni, questo progetto dimostra I'applicabilita delle immagini Sé&ftieel
dell'apprendimento automatico per una valutazione affidabile della qualita dell'aria durawento
bellico.
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1. INTRODUCTION

1.1 Background

Air pollution is among the most serious problemghe world, due to the rapid populatigrowth
and its consequencesActivities such as urbanization, motorization energy production,
transportationheavy industryetc are the main caused air pollutants. As is knownpollution
canadversely impadthe environment and human healilherefore, it is considered a concern of
not onlyexpertsand ecologists, but also ordinary peoplecording tothe estimations btheworld
health organizizon (WHO), around 7 million people die annually because of exposypeltated
air, along with nearly 4.2 million premature annual deaths mainly dbeatbh issuegcluding
heart diseasgguimonary diseassjroke,c h i | dhcute regpsgatory infectionstc.According to
World_Bank [1] around 90% ofpeople n low and middleincome countriesare dangerously

exposed tgollutedambient air It is even worse fadeveloping countriewhere the concentration
of pollutants anexposure exceed WHO standaridst surprisingly, the reasons lie in increasing
industrial activitieswhich are associated witburning dirty fuelsand employing outdated
technologies as well asthe lack of essentiahealthcareawarenessand inadequate stalards
regardingair quality[2].

Ukraine isone ofthe mostritical countries regarding air pollution consequen¥eédO reported
14,400 life losses annuallyecause of air pollution in Ukrairj&]. Outof 120 countries in 2017
this country had the largest number of fatalitiger( every 100,000 peoplettributed to
atmospheric air pollubin[4]. Based on another piece of statistit® rate of deaths caused by this
issue is higher than 200 pEp0,000

Despite recent progress carried out for improving air quality assessment in Ulganair
quality EU Directivey, there are still somkmitations (such asnsufficient and unfair distribution
of groundbased measuremestes [5]) which necessities usingnore sophisticated tools like

satellite imagery to obtain amprehensive image of the pollutants over this country

1.2 Literature Review
1.2.1 RemoteSensing Apect
In the previous literature, many studies have benefitted famous sophisticated techniguies

air quality monitoringlAQM) in different parts of the globélowever, the world has witnessed a

paradigm shifin air pollution monitoringfrom conventional governmewiperated networks.¢.,



reference instruments) to more sophisticated mixed netwbeksreferencegrade monitors rad
sensor/monitor technologied hese lowcost new technologies received increasing attention later
andwererecommended in standardsefevant agencies suchths U.S environmental protection
agency(EPA) [6].

Satellite emote sensingRS) is ahighly evolvedtechnique forconductingreliable AQM [7].
Satellite data can béeneficial to estimate emissionsrovide evidence for exceptional event
declarationstrack pollutant pimes andsupport air quality forecast resu[. In this approach,
the polluton representativeare sensed througlspatial assessment ehtellite productsising
environmentssuch asgeographic information systef&IS) [9]. This assessment can also be
improved usingdifferent sourcesncluding additional air pollutant measurements, modeled air
pollutant concentrationgndspatial surrogate dasaich asand-cover characteristids].

Sentinel5 Precursor (a.k.8entinel5P andS5P)(Figure 1) is arecently launched satellitdhatis
able to sense the concentration of various pollutasitey four spectrometers with spectral bands
in the ultraviolet (UV), visible (UVIS),nearinfrared (NIR) and shortwave infrared (SWIR)
wavelengthg10, 11]. A review of previous studies indicates sucbasapplicationsof Sertinel-

5P satellite inAQM by detecting changes pollutants such asulfur dioxide (SQ) [12], methane
(CHg) [13], nitrogen dioxide (ND2) [14], CO[15], formaldehyde ICHO) [16], ozone (Q) [17],
andaerosolq1§].




Up to now, this satellite has provided the primary materials for many AQM studies. For instance,
Ayoobi, Ahmadi [20]analyzed how seasonal diversity of energy consumption paitertme

building can affecthe concentrations ofropospheric N@ CO, and S@in Kabul, Afghanistan.
For this purpose, they used SentibBl datawhich disclogd tre decline of the mentioned
pollutants going from winter to summeérhis reduction was explained putting the use of
substanceske coal, gas, and biomasgich areburrt for heding purposesn winter. Bhatkar,
Syamala [21sedthe NQ records of SentinédP to @sess the relationship between urbanization
and population growth ithe United Arab EmiratesTheir research showed a meaningfasitive
correlation between the considered paramgtarsl hereupon,they recommended further
continuous monitoringf this area.The measurements of this satellite have also served other
environmentalpurposessuch asmappingimportant parameters e.gsuninduced chlorophyll
fluorescencg22] andwatervaporcolumns[23].

When it comes t@xtreme environmental conditions, the effectiveness of sateligedAQM is
more highlighted due to thelimitations in viableground measuremest[24]. Sciertists have
benefitted from SentindP data tdbetter manage problematic conditions suctpastfire air
pollution monitoring (e.qg., i trkiye [25] andPortugal[10]) and detecting/olcanic SQ Plumes

(in ltaly [26] and[27]) in different areasRecently, the worldhaswitnessed extensivemergency
lockdowns due to th&COVID-19 pandemidn the meantime, amy experts could successfully use
RS measurementand particularly SentinélP datato monitor the effects dhese restrictions on

air quality all over the globe. For instancgharifi and Felegari [28gxamned the effect of

pandemic quarantine conditions in Tehran, Iran. Utilizimg SentinebP data in 2019 and 2020,
they detected that the concentratiorN@. in 2020fell by 6%.With the same logicyirghileanu,
St vul e stodiedEur@pe and foundnup to85% decrease in the tropospheric NOsome
major cities.It was also revealed thatatellite data are in good agreement wgjtbundbased
observationgcorrelation coefficients (B ranged in [0.5, 0.7%]In a studyover Tamil Nadu, India

Muniraj, Panneerselvam [30ked the SentindélP coupled with grouncheasurement® see how

air quality is affected byCOVID lockdown As the primary results, theshowed significant
reductions(i.e., from 50% to 314%) in the emissions@D, NG, SQ, and Q in the periodof
March-June 2020Moreover, omparing the satellitacquisitions with irsitu recordsprofessed
above 83% accuracy for theirikewise, Stratouias and Nuthammachot [3lised a combination
of Sentinel5P and ground data ®valuatethe influence othe COVID lockdownin Hat Yai,

Thailand In terms ofNO; and particulate mattee., PM1oandPM. s, theirconcentrationsdeclined
by about34%, 23%, and22%, respectivelyduringthe first 3 weeks ofjuarantineFurther gmilar
efforts can béound adequatelin the previouditerature[32-34].



Cettainly, devastating conflicts that have recently happened/are now happening in different parts
of the world (e.g., Afghanistan, Yemen, Syria, etc.) are another type of extremetha&nipact

the environment in various waySor examplesubstantiahir pollution effectswererecorded for
Kuwaiti oil firesin Gulf War[35]. In generalsuspension of normglactive systems (e.g., industry

and transportation), as well as inducing detrirakntilitary activities (e.g., the movements of
military equipmentfire, andexplosion$, can impact the quality of air in different scal&s§]. In
suchcases, satellite observations can play an excellent complementary role folRe@ding the
literature exposes promising applications of Sentitelimagery for monitoring the pollution
caused bymilitary explosion eventd-or exampleAli, Abouleish [37]focused on th@owerful

blast of an ammonium nitratestorehouseat Beirut Porton 4 August 2020 Tracing the KD,

emissions revealed higher concentrations of this polleamipared to the prevert period.

1.2.2 Machine Learning Aspect
The advent of mchine learningML) models ha revolutionized various scientific domains,
especially when it comes to solving complicated engineering problems. Provithed valid
dataset, m ML model is capable of pattern recognitibyp considering a number of influential
factorsandpredicing the behavior othe intendedparameter(s)38, 39. High accuracy ohon
linear prediction,excellentflexibility, time efficiency, and inexpensivienplementatiorare among
the most important advantages of ML tools that make them popular in various engideenains
including civil [40] andenvironmentaéngineering41].
More partcularly for air quality assessments, different ML methodologies have been so far applied
to predict atmospheripollution [42-44]. A review of the past decads literature denotesa
significant evolution of studies that employild for air quality prediction(see Figure 2 of45]
and[46]). In this regard, it has been shown thlaése models are able to accusafaedict the
presence of pollutantsy analyzingtemporal data and meteorologidaktors (e.g., humidity,
temperatureand wind effects)Atrtificial neural networks (ANNs)47], neurefuzzy (NF)[48]
systems, support vector machine (SVMY], and random forest (RE»0] are some of the most
popular ML modedt hat have attr act frdrpolhtonpeeddiasivialeks t s 6
Sorooshian [51]for instanceysed an ANN to predict air quality index (AQI) and air quality health

index (AQHI) for Ahvaz, Iran, which is known as one of thesnpolluted cities in the world.
These indices were calculated based on six pollutants, namelf0g) PMio, PMy5, SG, and CO.
The nodel explored the effect oémporal {ime and dateand meteorologicawind speed, air
pressure, temperature, dew poiand rainfall parametersas well as3 and 6 haheadpollution

concentrationso predict the AQI and AQHIDue to the nice agreement between the measured and



predicted values, they concluded the suitability of the ANN for air quality predi€tisthernore,
many comparative efforts have been conducted to comparatively evaluate the performance o
various ML models. As an example studyang, Wang [52émployed an ML technique called

light gradient boosting machine (LightGBNI) predictPM: 5 using an integration of temporal,
meteorologicalstatistical, and air quality featuréBhey also showed theutperformancef the
proposed.ightGBM in comparison witthenchmark models, nameBradient Boosting Decision

Tree (GBDT), Extreme Gradient Boosting (XGboost), Catboost, and Deep Neural Network
(DNN). Further comparative efforts can bhdequatelyfound inrelevantliteraturereview efforts

[53].

More recent attemptby ML developers have resulted the introdudion of novel hybrid ML
techniques that can be used for a wide range of prediction problems. These models are called hybr
because they are composed of two (or more) piatgalrithms the first one is a conventional ML

such as ANNthat represents the basis of the wisdand the seconpart is a metaheuristic
optimization algorithm that plays the role of an optimizeMany studies have proven that
considering this strategy leads to surmounting computation drawbacks of conventional predictive
models (e.g., local minimasue in ANN), and consequently, creating a more powerful njbdel

55]. Engineers have also used these hybrid models &i@nventional ML + a metaheuristic
algorithm) n the field of air quality forecadtc6, 57]. Genetic algorithm (GA), differential
evolution (DE), angbarticle swarm optimizain (PSO)are among the most famous metaheuristic

techniquesYonar and Yonar [58émployed thee three algorithmi optimize a saalled ML

model adaptive neurfuzzy inference system (ANFIS9r predicing PM2si n Kst an.bul ,
This task was fulfilled by taking into account the effecgageous pollutaniacluding SO, Os,

NOz, and CO, and meteorological parameteracluding wind speedtemperaturewind gust,
humidity, andpressureAccording to their resultshe optimized ANFIS could surpass its classical
version.Similar applications can be found in earlier works (exwilti-verse optinization(MVO)

for optimizing long shorterm memory (LSTM)model[59], cuckoo searclalgorithm (CS) and

grey wolf optmizer (GWO)for optimizingsupport vector regression (SVRpdel[60]). As far as

the ANNs are concerne@éxperts have proposemptimized versions for air quality prediction.

Genetic simulated annealif@SA) algorithmwas coupled wittANN by Kang and Qu [61for

predictingthe AQI in Lanzhou, China.Referring to the calculated mean absolute percentage errors
5.51% and 1.0, respectivelyfor the classical and optimized ANNSs, it was deduced that
executed optimization could satisfactorily enhance the accuracy of Awhilarly, Xia [62]
improved the prediction accuracy of ANN by 4% when it was combinedfmittfly optimization
(FFO)algorithm.



1.3 Scopeand Objectives
Considering the ongoing war crisis in Ukraine, its air quality has certainly experienced significant
changessaresult ofshiftsin anthropogeniactivities that can affet¢he pollution emission rate.
Similar trends have been previously olserin this areadue to the COVIBEL9 lockdowrs in
recent year§63, 64]. As with any other major conflict, thisventincurredchanges in the normal
patterns of anthropogenic activitji@nd alsaccaugd detrimentactivities which altogether call for
conductingproperAQM in order to reach the maximum preparednestealing with the current
situation.
As elucidatedabove, pevious sections well described different aspects of AQM studiesrt
from the importance of contious AQM for mitigating air pollution consequences normal
circumstancesthe role ofthis task is moreritical in the time ofextreme events such as war and
natural disasterdaking a look at the literature demonstrates that, degpiteitical impotance,
very few studies have worked on this subject befeoe example,n studies byrawtani, Gupta

[65] andP er ei r a, th®engronmenfaldngpacts (air pollution included)tioé Russia

Ukrainecrisis hare beeninvestigatedn brief along with economical and social aspelet& more
particular effort,Zhang, Hu [66]used tropospheric monitoring ingtment (TROPOMI) and

environmental trace gases monitoring instemt(EMI) to evaluate the changas NO- in both

Ukrainian and Russian marginal territorfe@m January to JulyZalakeviciute, Mejia [67$tudied

the air pollution evolutionof Ukraineduring the first weeks of the waising satellite imagery
coupled with land measurement dafaey developed maps for several pollutants nani¢@p,

CO, SO, Oz, and PMs and calculatedquantitative increments and reductions in each one.
Notwithstandingthe valuableoutcomesof these studigseach suffered from limitations. For

exampleZhang, Hu [66Focused onlyon NOy pollutant andthe findings ofZalakeviciute, Mejia

[67] is concerned with the initial weeks of the widence, this thesis is dedited to conducting
proper AQM over the waaffected Ukrainavith a focus on bridging previous gaps of knowledge.
Utilizing stateof-the-art technologiesit is tried to keep theAQM updated withthe latest
developmentddereupon, the thesis is conductedwo major phases:
M Phase lises satellite imagery asthtisticalanalysis tdocus on AQM over the year 2022
and compares it with previous years in order to detect noticeable chartbegmission
of well-knownair polluton indicators
(i) Phase Zresents aybrid artificial intelligence technique to predict air pollutiosing

various data sources and yieldaathematicaéxplicit formula forconvenient applications



Besidegevealing theinpleasaneffects of the current crisis on aaity to the world the findings
of this project might be of interesd the Ukrainian authorities and decisiemakers to take
appropriate measures in tackling air quality issaepecially in wasaffected regiondt also may

shed light on future publicealth studies thakeal withthelong-terms effects ofoxic air pollution

1.4 Structure of Thesis
Following theintroduction, therest ofthethesis is structured as follows: Section 2 introduces the
study area and its characteristias well ashedetails of the Russiblkraine crisis Thereafter, two
major phases are explained each of which contains specific material and methods followed by th:
correspondingesults and discussioithe last section ithe conclusion which reflestthe main

findings of this research.

2. STUDY AREA AND EVENT

2.1 Study Area
Lied within the longitude22 12' to 40 07 E and latitudel4 25 to 52 11' N, theindependent
republic of Ukraineis the second largest country in Eurofmbout 6% of the European
subcontinent) Figure 2 shows therelative location of this countryConsidering the neighbors,
Ukraine shares boundaries wiRussia in tk eastRussia and Barus in the northPoland in the

west and Moldav and Romania the south.
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Figure2: The location of Ukraine and its neighbors

Regarding theclimatological characteristice®f Ukraine, the temperate climate is dominant.
According to meteorological statistiesreraged 019912020, the minimumand maximum
monthly temperature is3.35 C and 21.46 C in January and July, respectivelyjkewise, the
monthly precipitatiorranges from35.43mm and 67.17 mnm Februaryand Jume, respectively
[68]. It is worth mentioning that@proximately 16% of the total land is covered by faesth an
uneven distributiof69].

The area is roughl$03,550 kmavhich makes Ukraine thd5" largest country in the world
According toonline resourceshe population ir2021has been reportetB8,792,855andtwo-thirds
of themareresidents of urban area$70]. The warhas forcedmore than 10 million Ukrainian

peopleto leavetheir homesout of thempearly5 million have leftUkraine[71].

2.2 War Event
Rooted in the past political tensions betwdleatwo counties, the 2022 UkraineRussiawar
started with some conflict warningBollowing the declaration dspecial military operationsin
February21 by Russia, tensionsicreasedand eventuallyon Febuary 24, Russia launched a
largescale invasiomowardUKrainian territoriescomprisingmissile and artillery attacks2).
Numerousattacks and counterattacks by bothesdnvolvedoombing andshellingin major cities
have led to considerabldamage andegructionto infrastructuresAccording toStatista [73] the
number ofcivilian caswalties unti January 29, 2022%xceeds 7000 deatfand 11000njuries. As
for military fatalities, BBC [74] reflected theUS estimatesaccounting for200,000 military
casualties on all sidespart fromthe evident loss of lives and physical damagénfaastructure
and vital supplieghis warbringsmassive shrinkag®r Ukrained esconomy(predictedupto 45%
by World Bank[75]).
Online resources such d&se institute for the study of ar (ISW) [76] provide well-updated
interactive maps regardirggcupied territorieandthe advancesf Russiarand Ukrainian forces.
Until January B, 2023 the number ofotal conflict events exceed$6800. As shown inFigure3,

this number comprisdsmattles, explosions and remote violence, riots, an@mniel againstivilians

[77].
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Figure3: A view of thelSW interactive map illustrating conflict types atigirintensity[77].

Employing heavy militaryequipmentin this war has resulted in evident causes of air pollution.
Besides thdires andexplosions the movementsof military equipmentand troopsneed to be
regarded36]. In the current crisis, a large numberhafavy military equipment are being used by

both side$78-80]. In particular they consist ofjround vehiclesd.g.,tanks and armored vehicles),
aircraft (e.g.,bombers)and reavy artillery[81].

3. PHASE 1:AIR QUALITY MONITORING USING SENTINEL-5P

As explained earlier, the first phase of this study is concerned with sabeliéel AQM. For this
purpose, the concentrations of air pollutants dutlvgvar are compared to past reds in order

to monitor the changes. These illustrative assessments are further acconyaniredtitative

statistical evaluations.

This section is composed of two ssictions describing, first, the materials and methods used for

Phase 1, followed by psenting the results and relevant discussion.

3.1 Materials and Methods
3.1.1 Sentinel5P
Launched on 13 October 2QBentinel5Pis thefirst Copernicus missiodedicated to AQM. This
mi ssion belongs to the Eur op elaersatdliteis capalliesf Co



addresmg the geographic distribution of pollutantsving tothe datecollectionat high altitudes
(i.e., 824 km from the ear)h[8Z]. Sentinel5P flies in a Sunsynchronous orbiand its local
overpass times 13:30 TROPOMI isthe single instrumerdarried bySentinel5P. With a 2600 km
wide swath,TROPOMI presents aneardaily global coveragdo collect daily data from the
atmosphere of the Earth in several bands including UMS, NIR, and SWNIR[11, 13]. The
spatial reslutions in the beginningwere approximatel@.5x 7 ki for theUV and visible bands,
and 7x 7 kn¥ for the SWNIR. After improvementsarried outon August 2019these resolutions
reached3.5 x 5.5km? and 7 x5.5 km?, respectively[32]. Three processing types are considered
for Sentinel5P data: (i) near regime (NIR), (ii) offline (OFFL), (iii) and reprocessing. Preparing
the data of OFFL and reprocessing types takes a long timééteeeril2 hours and 5 days after
sensing), while the data of NRT is ready within 3 hours after seftsihd-urther details regarding
the Sentinel5P missionare available othe ESA website[84].

The observations oSentinel5P areavailablemainly throughCopernicus Open Access H{k5]
which guides to SentinédP PreOperations Data HulB6]. However, there are sonather portals
suchas Sentinel Hub EO Brows€i87] and Earth Engine AppS ROPOMI Explorer[88] that

provide different formats of this data

3.1.2 Data Acquisition Using Google Earth Engine
In order toacquire datdor this projectthegoogle earth engine (GEE) is udedextract Sentinel
5P image collections and map the results.awell-known cloud computing platfornGoogle
launchedhe GEE in 201089]. By providing cloud computationhis tool has shown high efficacy
in dealing with variougeospatial problems with big data analygis. advantage othe GEE in
comparison with similar cloutdased platforms is supporting a wider range of geosjolaiia such
as early LandsaMODIS, and Sentinel mission&iving free accest theusers is another notable
merit of this platform especially for researchers in less developed coupfigs
The users of the GEE cédind publicly downloadble earttobservation datan large scales (i.g.
petabyts) stored in big repositories of raw remotely sens@dages which also contain
preprocessed, clougmoved,and mosaickedmagery[91]. Thanks tosophisticated algorithms
andpackagese.g., image processinilL, chart developer®tc), both expert and neaxpert users
are enabledo analyze geographic daféhese properties altogether have made the GEE the most
popularcloud computing platform in earth system sciefi@g. So far, the GEE haassisted
engineers to analyze environmental data related to changasate[92], forest{93], urbanization
[94], land us€99], air quality[96], etc This is worth noting thaby utilizing the timelapse tool,

one is capable of monitoring and trackemyironmentathangeseven in the pagew decades
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LeveragingGoogl eds comput athe GHEEenhbles thefuseats tarruditieu r e
efficient parallel data processings far as the wdiing environment is concerneauserfriendly
code editori.e.,a webbased Integrated Developmédiitvironment (IDE)is designedor writing

and implementing complex scriptasing JavaScript API[97]. Also, the explorer isa
straightforward web apmteractorfor performing simple tasks such esgplorning data catalognd
visualization Figure4 illustratesthe GEE environment thét used in this research.
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Figure4: A view of the GEE tooin the browser

3.1.3 Timing and Sampling
For such projects, it is important to have proper timing strategies to achieve the highest reliability
of the results. e concentration of pollutants during 2022 represents theaffeacted records,
while similar records belonging t@29 and 2021 are deemed as buskassssual (BAU) data.
Not surprisingly, the reason for dropping 2020 data is the lockdown measures considdred for
COVID-19 pandemidn that year(the Ukraine governmentfixed sanitary emergencgs of 20
March 2020 [67]. Due to theresidualpandemic restrictiomn 2021, howeveralleviated with
respect to 2020, threcords 02019representhe most BAU condition in this study.
For each month of 2022, daily recordsaofair pollutant are averaged, and a monthly map is
accordingly generated for the whole country. This map is then compared with the corresponding
maps pertaining t02019 and 2021 to visualize the differences. Apart from mtmthonth
comparison, the yearlyrends of increments and reductions are compared. Since a single value
cannot well represent air pollutiom a large country like Ukraine, the concentrations are

guantitively reported and assessed for five major cities, nafiely Kharkiv, Donetsk Kherson
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andLviv. The location and coordinates of these cities are pexs@amEigure5 andTablel. As is
shown, the first four sites aom marginal fronts that are highly engaged with the war, while Lviv
can be treated as a less critical city. As a benefit of this distinction, it dtowsderlinng the

effect of geographical locations on the pollution potential gice.
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Figure5: The location of the selected cities

Tablel: Geographical description of tiselected sites

# Place Longitude Latitude

1 Kiev 30.523333 50.450001
2 Kharkiv 36.232845 49.988358
3 Donetsk 37.805279 48.002777
4 Kherson 32.616867 46.635417
5 Lviv 24.031111 49.842957

3.1.4 Considered Pollutants
The concentration and compositiongafilutants in the outdoor air determine the severity of their
adverse health effec{®8]. Among several pollutants in citiesutdoor air,O3, SO, carbon
monoxide (CO)andnitrogen oxides (N© are among the mostgnificant one$99].
As explained irearlier ctiors, Sentinel5P senses the concentrationsiX air pollutants, namely
SO, CO,NO», O3, CHs, andHCHO. Descriptive details regarding these parameters can be found
in Earth Engine Dia CatalogSentinel5P[100.
For the case of this remeeh, initially,it wasfirst anticipated to evaluatal six parameterut due
to data collection issuemncounteredor the SO, andCHs, the observations are limited ©z, NO,

HCHO, and CO. The mentioned issues can be describefl) asignificantdata gapsnd (ii) the
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presence of negativencentratiorvalues (i.e.negative vertical column deng$). According to
the Mission Status Repor{d01], the gapsweredue to acquisition faults or satellite/instrument
disruptian, while negative values of SGand CH were due to aise on the datand reflectance
problems.Detailed statusof the Sentinel5P missionincluding alist of the major data gapss
presented by ESRLO]]. Furthermore, compleméary information foreach pollutant can be found
in TROPOMI Mission Performance Centf&07.

In the following, the used pollutants atescriled.

3.1.41 Os

Existing in both troposphere asttatosphere lagrs, Q is one of the most predominant pollutants.
Troposphec Os (a.k.a.groundlevel Os) is a phytotoxié pollutantthat is basically generated from
photochemical reactiofd03. These reactions involwlatile organic compounds (VOCahd
NOx. For instanceCHs is known as the primargnthropogenic VOQor the production oz in
the glolal troposphereHowever,particularlyin pollutedareasnonmethane VOCglay a greater
role in the formationof Oz [104]. The uncontrolledincrementof Os canincreasemorbidity and
mortality in humas. Promotingproblems inthe respiratory and cardiovascular systémsshort
term effectyand respiratory mortality @asthmatics problesfas longterm effects) arexamples
of theseconsequencdd.09.

3.1.4.2 NO:

As a major trace ga®JO: is the product of various anthropogenic activities. Based on the report
from European Environment Agen¢¥0€, motor vehicle exhaugtimes are the source of above
60% of NO- in European cities. Other sources of this pollutant are industrianamdifacturing
activities (e.g., oil refinement and electricity generation) and natural causesnferghiological
activities insoilsandwildfire). Apart from the respiratory issuesthre case ofNO: inhalation, its

interaction withthe atmosphér components re#s in detrimental phenomena such as acid rain

13l

3.1.4.3 HCHO

Characterizedby high flammability,colorlessnessand a sharp odoHCHO is acarcinogergas
that can highly compromise human hedltf7, 10g. It plays an intermediate role in almost every

oxidation chain of nomethane volatile organic compounds (NMVOCSs). A prgpeftthis gas is

! Phytotoxicityrefers toadversdmpacts on plant growthphysiology, or metabolism caused by chemical substance
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a short lifetime in the atmosphere (i.e., a few hours) that provides a good approximation of its
sources. The oxidation @Hs is considered a primary source of this gas irréineote atmosphere
while on aglobal scaleit is produced bwvildfire and vegetation. As faheanthropogeniorigins,

traffic andpetrochemicaindustres(e.g., producindertilizers)can be mentioneld].

3.1.44 CO
CO is a poisonous gas without any color, taste, ashol which is produced in incomplete
combustios. A significantrole of this pollutant is increasing the lifme ofother greenhouse gases
such asCH4 andtropospherc Os. Likewise,the combined action of other pollutardenhanceth
places withelevatedconcentratios of CO. Natural causeg.g., decomposition of vegetation and
animals, volcanieruptions, and forest fireand human activities (e.ggssil fuel consumption,
tobacco smokeand waste incineratigraccountfor nearly40% and 60%of the CO generatign
respectively[109. This gascauss, in generaltoxic effecs on the organs of tissudkat are
characterizedby high oxygen consumptiosuchliketheheart andrain Also, it particularlyincurs

damage to pregnant women and tligivelopingfetuses [11(].

3.1.4.5 Data Configuration
Data productef Sentinel5P can be classified to three levels, namely (DevelO, (ii) Level1B,
and (iii) Level2. Omitting Level-0 which contairs instrument source packetad is not accessible
to endusers Level1B represers geclocated and radiometrically correctéop-of-atmosphere
radiancesvhichinclude radiance prodwgtcalibration produst and engineering prodwsctevelk
2 data is produced hyyrocessing Level B dataandforms the material ahis research.
Level1B andLevel2 products can be downloaded frddentinelSP Preoperations Data Hub
[111]. However,in the current projecGentinel5P satellite imagsthat reveal the concentration of
O3, NO2, HCHO, and CO over Ukrainare acquired and processed using the GH¥iih reference
to Earth Engine Data CatalogSentinel5P [112), Table 2 collects the characteriss of the
pollutants(i.e., the unit of measurement, relevaithage collectionusedband namgand band

namedescription.
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Table2: Characteristics of the considered pollutantgamth Engine Data

Pollutant Unit ImageCollection BandName BandNameDescription
5 . Total atmospheric column of;®etween the surface and the
Os pmol nr COPERNICUS/S5P/OFFL/L3_03 03_column_number_density top of atmosphere, calculated with the GODIit algoriffrtd
NO,  pmolm?  COPERNICUS/S5P/OFFL/L3_NO2 NO2_column_number_density Total vertical column of Nexratio of the slant column densit
of NO; and the total air mass factor
HCHO umol N2 COPERNICUS/S5P/OFFL/L3_HCHC( tropospheric. HCHO_column_number_dens Tropospheric HCHO column number density
CcoO pumol nr? COPERNICUS/S5P/OFFL/L3_CO CO_column_number_density Vertically integrated CO column density
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In order to create the map of each pollutémbelow stepsretaken in the GEE environment:

0] IntroducingUkraineasthe area of interest (AOI);

(i) IntroducingKiev, Kharkiv, Donetsk Kherson andLviv as sample points by importing their
coordinates;

(i) Calling the image collection of the intended pollutant from SenbRebffline records (see
Table2);

(iv)  Filtering the image collectiofor (a) the intended band (s&able2) and(b) the required
period then(c) calculating the monthly mean, and (d) clipping for the AOI,

(v) Extracting the monthly mean for the five cities.

3.2 Results and Discussion
This section presentand discussethe results of Phase The monthly concentration of the
selected four pollutants (i.eQs, NO2, HCHO, and ) is evaluatedin Ukraine, particularly
recordedfor five cities (i.e.,Kiev, Kharkiv, Donetsk Kherson andLviv), in 2022 versu8AU
years (i.e., 2019 and 202T)he results are statisticalpnalyzed to highlight the changesths
effects of the ongoing conflict. Moreover, utiliziagothertype of SentinebP datathechanges
in the comrentration of thanentioned pollutantare elaborated with a focus treinitial daysof

thewar.

3.2.1 Pollution Observations
The results of this section comprise thiteens: (i) theconcentration maps of the intended pollutant
are depicted for 2022 afAU years, {i) the annual trends asiiownin the form of diagrams (line
charts and box plots), and (i)correlationassessmentsingPearson correlation coefficient{R

to address the compatibilibetween the trends thethree years

3.21.1 O3
Figure6 shows the results related to tBeconcentrationAt a glance, it can be seen that there are
significant differences betwedahe Oz concentration, especially fahe first six months of each
year.Concerning the prevar time,2021 began with awuch clearer air, compared to1®and
2022. As for February, central and western Ukralmeve been more polluted in 202Raking
March as aatherinstancethe southermnd northermparts of the county areillustrated withlight

greenandyellow in 2019 while it is almost vice versa in 2022s for 2021, the map indicates a
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considerably higher concentration of this pollutant all over the cousimyilar example can be
Junand Septembefor which, the concentration dDs in 2022 istangibly higher than BAU years.
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Figure6: The concentration of £in (a) 2019, (b) 2021, and (c) 2022

Figure7 depictsannual trends of the £xoncentratioralong with the corresponding bpiotsfor
five selected siteBased on these charts, it can be saidfthatll cities,theOs concentratiopeaks
in spring(mostly March) and thereafter it follows a downward trend uiNdvember andises
again at the end eheyear.This remarkis consistent witlthe maps irFigure®.

Although the general trend is the same for 2022 and BAU ythars,are some minor distinctions.
For instanceat the beginning okach chartthe line of 2021 climbsnore steeply thathe two
others. Alsojn the last monththeline 2022 representsgentlerinclination Another appreciable
deduction ighatin most casefom May to Septembethe concentrati@of Os pertaining ta2022

have been above BAU years.
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Figure7: Annual trendsand box plot®f the O3 concentration in @nd B Kiev, (c and § Kharkiv, (e and § Donetsk, ¢ and h

Kherson, andi@nd ) Lviv

Table 3 expresses theesults ofthe correlationanalysisbetweenthe considered yearkligh Re
valuesfor the five citiesacross Ukrainendicate the compatibility between the behavioalbthree
years as previouslynferredfrom Figure6 andFigure?.

Table3: Yearly oorrelation result$Rg) of Os for the consideredities

Place 2019& 2022 2021& 2022 2019& 2021

Kiev 0.91 0.80 0.83
Kharkiv 0.91 0.74 0.84
Donetsk 0.94 0.82 0.91
Kherson 0.95 0.85 0.90

Lviv 0.92 0.87 0.85

3.2.1.2 NO:

Figure8 illustrates themaps of the N@concentrationUnlike the Q behavior the differencein
January Februaryand Decembemapsarethe mosprominent In January2019and 2021alarge
amount of NQ was observedin the central parts andapital (i.e., Kiev) while it has been
considerably reduced in 2022. A similalpservation existfor February 2021 versus 2019 and
2022.Also, the map of November 2022idresses some incrementshaf NO, emission especially

in western UkraineAs for December2019 had a much clearer skparticularly in western parts.

21



2019

NO2 (pmol/m*2)

200

m
0 100

22



2021

200

NO2 (umol/m*2)
0 100

(b)

23



NO2 (pmol/m*2)
W%E

Figure8: The concentration of NOn (a) 2019, (b) 2021, and (c) 2022

Referring toFigure9 which compares thannual trends of thBlO. concentrationn five selected
sites,there is a ample differencéetween theniddle and extreme parts of all chaffsom March
to Octobersteadiebehavior isvident compared tihe beginning and final monthBhisinference
can be obtainedlso from the box plota/herein the extreme values aieown by outlier points
and itis in agreement wittheexplanations oFigure8. For these less turbulent tisie Kiev and
Kharkiv, the NO2 concentrationn 2022 islower thanBAU time, whilethe lines are very closnd

twistedfor three other cities.
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Figure9: Annual trendsnd box plot®f the NQ concentration ifaand b Kiev, (c and d Kharkiv, (e and ¥ Donetsk (g and

h) Khersonand (and ) Lviv

Based orlable4 which presents the correlation results, there are very low values afidRalso

two negative values thdemonstrate meaningful variations of @, concentrationvhen moving
from 2019and 20210 2022. For instanceRp equalg).03for Lviv when comparin@019 and2022
recordsimplying the effect ofvar onthe air quality of this areia terms ofNO. concentrationOn

the contrary folkKharkiv, Donetsk andKherson the Rp valuesin the two first columnsareof a
higher magnitudevhich means the annual trend thle NG concentrationn 2022 was not much

different from BAU years.

Table4: Yearly correlation resultsRg) of NO; for the considered cities

Place 2019& 2022 2021& 2022 2019& 2021
Kiev 0.33 0.34
Kharkiv 0.60 0.05
Donetsk 0.48 0.48
Kherson 0.57 0.07
Lviv 0.67 -0.29
3.2.1.3 HCHO

It was explained that observations acquired for the @kl SQ contaired a large number of

negativevalues.A few negative values also existedthe HCHO recordswhich were eliminated

for all statistical analyss in the first placelikewise, there were missing records foistpollutant

especially for the initial and final months of all yearbese issuesxplain the inconsistencies in

the maps and charts related to the HCHO.
Figure10shows thenonthly concentratiosa of HCHO. According to this figure, and byounding

the assessment taonths withcomplete recordghe mostremarkable distinction can be found

from June to 8ptemberHaving August a an examplesouthern and eastern parts of Ukraine have
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witnessed higher pollutiom 2022 compared to previous yedsanilarly, the HCHOemissionin
western Ukrainén July hasincreased i2022.
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Figure10: The concentration of HCHO in (a) 2019, (b) 2021, and (c) 2022

Figure1ll showsand compares thenual trends of thelCHO concentrationn five selected sites
besides the box plotés is seen, there are lots of fluctuations in the left chamt also, due to the
lack of few records, it idard to deduce a general meaningful trend from them. Howaver
accordance with the above explanations, it is possible to idewotifepeak points iPAugust and

Septembefor Kharkiv, Donetsk andKherson
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As is denoted inTable5, Rp values are mostlynuniformfor each cy and each pair of years.
However, the results support previaesuctions such dseadverse correlation @019and2022
trends in Lviv.Froma more general point of viewpncerning the comparison of 2022 with BAU
yearsthe variation oRpin the second column isss thann the first columnGiven that 202ivas
affectedby the COVID-19 lockdown, it can be said thatident changes occurred in the air quality
in terms ofHCHO when 2022 is evaluated versus 2019.

Table5: Yearly correlation resultdRg) of HCHOfor the considered cities

Place 2019& 2022 2021& 2022 2019& 2021

Kiev 0.44 0.32 0.62
Kharkiv 0.53 0.49 0.61
Donetsk 0.79 0.34 0.40
Kherson 0.12 0.36 0.75

Lviv -0.58 0.28 0.25

3.21.4 CO
Similar to the @and NQ, theentire COrecords aréunctionalfor this researchl'he maps of the

CO concentration are exhibited kfiigure12. Major differencesan be detected for the first four

months of each year, as wellaggust, and to somextent Septembetn contrastthe CGbased

pollution ofthe last three months roughly similar.
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Figurel2 The concentration of CO in (a) 2019, (b) 2021, and (c) 2022

The annual trends of the CO concentration in five selected aitigg$heir box plotare shown in
Figure 13. Since the records of 2022 are below BAghrs &most in all casest can be derived
that the war has reduced the CO emission level throughout Ukiidiaee charts also exhitat

considerably higher CO concentration in August 2021.
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Referring to theRp values given inrable6, there is a large harmony between the CO emission in
2022 and 2019 for the whole Ukraine. Moreovewer magnitudes oRp for 2021 against both
2022 and 201hdicatea more different emission pattern for this year.

Table6: Yearly correlation resultdRg) of COfor the considered cities

Place 2019& 2022 2021& 2022 2019& 2021

Kiev 0.92 0.59 0.55
Kharkiv 0.85 0.58 0.58
Donetsk 0.89 0.45 0.57
Kherson 0.94 0.63 0.65

Lviv 0.85 0.63 0.63

3.2.2 Air Quality at the Beginning of the War
This sectiorpoints out the changes in air quality during the initial days of the RU&s&ine crisis.
Needless to sayjeclaing an exceptional situation such as waéfiectsmany usual pattesof
anthropogeniactivities includinghuman circulation and industtiprocessedHence, the emission
of O3, NO2, HCHO, and CO is monitorefiom late Februaryearly March The data of this section
are obtained frorkarth Engine App$ROPOMI Exploref88] as it provides air quality records in

the form ofline charts which are suitable for comparison purpdsigire14 shows a view of this

portal.
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Figurel4: A view of theTROPOMI Exploremwebpagg114

Imposing Ukraine as thé&Ol, a chart is created for each pollutant using tBeday mean
concentratioa Hereuponthe consideregeriodis February 24 March 05.Figurel15 depicts the
obtained charts wherein the intendaetiod for 2019, 2021, and 2022 is elucidatweih black
vertical lines and the concentration of each pollutant is determined where tlciobseshe chart
line. Nevertheless, the observation of 2022 is stretched all over the chart to better compare it witt

BAU measurements.
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Figurel5: Changes in the pollutant emissions (a) @) NQ, (c) HCHO, and (d) CO in the firgteek of the war

For the case of £ NO;, and CO, the emissions in 203fe above 2022, whil¢he emission of
HCHO is slightly lower. As for 2019, the concentration of Nsdid CO surpasses 2022, while O

has a smaller record and HCHO is more or less of the same concentration. Hence, it can be sa
that the extreme conditions resulted in lessening the concentration of CO and tH® initial

days of the war. It is also worth noting that the HCHO and@issions have experienced the
lowest and largest changes with respect to BAU years, respectively.

A previous study that investigated the sasubject but for the first two weeks of the war (i.e.,
February22- March 8, 20122022 was conducted byalakeviciute, Mejia [67]Referring to Table

1 of the cited article, it can be found thatithresultscorroboratevhat was showim Figure15-(b)

and (d) However it is not held forOz, which could be due to the difference betweenetkeemined

timespas (Figurel15is plotted for February 24March 05)

3.2.3 Statistical Analysisand Discussion
Focusng onthe resultpresented iBection3.2.], for eaclcity, theannualaverageconcentratioa
of the Oz, NO2, HCHO, andCO pollutantsin 2022 and BAUyears arealculatecand comparetb
highlight the changesThe results are given ihable 7. According to this tableeach pollutant

shows a different behavior based on the location and consigemaddof assessment.

39



Table7: Analysis of pollutant concentrations and changes

Os NO, HCHO co
Type Area
2019 2021 2022 2019 2021 2022 2019 2021 2022 2019 2021 2022
Kiev 148376.59 150057.20 152501.11 118.79  141.17  106.25 103.63  88.91 79.30 33748.67 36171.17 31444.38
Annual Kharkiv  148169.70 149502.14 152537.40 97.47 109.78  95.43 12419  97.19 82.67 34025.06 36198.13 31923.14
Averages Donetsk ~ 147557.95 148231.80 151238.92 106.73  113.10  99.49 11045 9231  101.07 33758.81 35990.87 31589.78
(Mmol/n?) Kherson 14825517 149691.53 151919.19 76.13 76.13 72.35 10430  100.58  89.02 33863.60 36333.37 32411.45
Lviv 14721515 149849.13 151365.59 87.09 105.11  90.47 92.09 78.32  109.57 32808.80 34956.88 30871.74
Kiev +2.78 +1.63 - -10.56 -24.73 - 2348  -10.81 - -6.83 -13.07 -
Changesf Kharkiv +2.95 +2.03 - -2.09 -13.07 - 3344  -14.95 - -6.18 -11.81 -
2022WRT Donetsk +2.49 +2.03 - -6.78 -12.03 - -8.50 +9.49 - -6.43 -12.23 -
2019 and 2021 kherson +2.47 +1.49 - -4.97 -4.97 - -14.65 -11.50 - -4.29 -10.79 -
Lviv +2.82 +1.01 - +3.88 -13.93 - +18.98  +39.90 - -5.90 -11.69 -
Average of Absolute Change 2.70 1.64 5.66 13.75 19.81 17.33 5.92 11.92
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The concentrations of £all over Ukraineexperienced similar increments (i.e., between 1% and
3%). It is also immediate th2019 has been less polluted cargnl to 2021n terms of Q. This
incremental behaviodisaccorg the sibtractivepattern ofthe other three pollutants (excluding
Lviv in terms of NO2 and HCHO) Confirming theseresults, previous studies hakevealed the
increase oDz during exceptionaeventson both global and local scalés.g.,duringa pandemic
andpolitical protests[67]. The reason can be sought in the fact that the presence of this pollutant
is a function oimeteorological variables and precursors (e.g., NOx and V@@d)even isimilar
anthropogenigituatiors, the @ concentratiorcan vary due to seasonal meteorological changes
[115.

Satellite measurements of the NQ@oncentration are weliccepted proxies taddress rapid
changes in emissions from anthropogenic activjtié$]. Setting Lviv asideall other citieshave
reported significant reductions (up to about 2598JO- emissions in 2022. Kiev is the capital and
Kharkiv, Donetsk, and Kherson are located in eastern Ukraine, which is the most industrialized
territory of the country.Therefore, he observed reduction can attribute to diminished human
activities. Theseresults arewell correlatedwith previous studies such &ang, Hu [66]who

reported betweeh0.®6 and27.3%r reduction in the N@concentration in modtkrainian cities
Taking another look atigure8 and Figure9 reveals NQspikesin easterrJkraine(February 2022
around Kharkiythat can attribute to multiplaartial operationée.g., combustions and explosions)
on thewar front(seeFigure3). A distinguishedlifference for 202%s.2019 can be sedor Lviv
which is characterizethy 3.88% increase the NG concentrationAs shown inFigure5, Lviv
lies 550km west of the capitalvhichis not asneither involved with the war nandustrialized,
as the eastern paMoreover, the values for 2022.2021 indicate a considerabgrger difference
compared to 2022s.2019, meaning that 2021 has been the most pollutedA/@atential reason
for that could beheretrieval ofanthropogeni@ctivitiesafterremoving sanitary emergencitmat
wereestablishedn 2020.Another appreable point is the higher variations of N@ Kiev (i.e.,-
10.568% and-24.73%) compared to other citielh addition to theedued industrial functionality
the major decline in the population of this city can explea alleviation of urban human
circulation, and consequentlyNO> emissions.The proportional relationshipbetween NO2
emissionand population statistichas been welprofessedbefore[117]. According toLeasure,

Kashyap [118 only the initial evacuations that took place betwEebruary 24 and March 14

decline the population of Kiev by aroumdo-thirds. Similarly, above943000 peopldeft the
Kharkivska Oblast
Analyzing the HCHO resudtdenotesthat first, this pollutantchangedthe most amonghe

consideredyaseougpollutants.According toPopov, latsyshyn [4the excessive concentration of
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HCHO in Kiev (4.3 timesmore tharthe maximum pemissible daily averagehas beemn issue
since the pastSecond, Lviv has reported again differently from other cities. In other words, the
war has led to the reduction of the HCHO concentration in all places except Lviv1BeO8%0

for 2022 vs. 2018nd+39.904 for 2022 vs. 2021) along witbonetsk(+9.4%% for 2022 vs. 2021).
The most tangible changes for this pollutant are demonstrakdehnkiv and Lviv having33.44%6
and+39.90x0, respectivelyEarlier, nonnaturalorigins of the HCHO emissions were explained as
traffic and petrochemicaindustries whoseessentiadeclinedue to population displacement and
industrialdegradatioacan justify thesignificant reduction othe HCHO emission.

Based on the CO values, it canderived that the war has causediespreadeductions othis
pollutant.Similar to @, the changgein CO have been more or lesgentlewhen comparing the five
cities(i.e., between 4% and 7% for 2022 2019 and betweeh0% and14% for 2022vs. 2021).
However,analogoudo NO;, Kiev is affected the mostLarger reductions that are calculated for
2022 vs. 2021 infer the highestconcentration of CO in 202Dn the other hand, 2022cords
indicate the lowest emissions whiaheexpectedy virtue of the var causing people evacuations
and industriatlegradatioa As explained earliehuman activities such as fossil fuel consumption
and waste incineration are responsible for around 60% of CO emisBi@nesonsiderable decline
in the CO concentration durirgxceptional events has bessoobserved in previous studiésg.,

in Milan, Italy [119 and S&o Paulo, Brazi|12d) that investigated theffects of COVID19
lockdowns[121]].

At the end, another statistical analysis caltegbt is carried out tdemonstratevhetherthe changes

in theair quality of Ukraine arstatistically significantThe pivotal outcome of thetést is pvalue
that whent is below0.05 confirns a significant difference between the compared paizg]. For
each pollutaneand in each citytwo comparisons are implementeshe for 2019 vs. 2022and

anotherfor 2021 vs. 2022The results are presentedTiable8.

Table8: T-test results (walues) for comparing the pollutant concentrations in 2022 vs BAU years

Os NO; HCHO co
Area 2019vs. 2021vs. 2019vs. 2021vs. 2019vs. 2021vs. 2019vs. 2021vs.
2022 2022 2022 2022 2022 2022 2022 2022
Kiev 0.0539 0.4250 0.2697 0.0087 0.2372 0.6362 0.0000 0.0001
Kharkiv 0.0431 0.3854 0.7414 0.0496 0.0273 0.2855 0.0015 0.0003
Donetsk 0.0331 0.2748 0.2032 0.0248 0.2255 0.8891 0.0002 0.0005
Kherson 0.0183 0.3508 0.2855 0.0411 0.3977 0.3447 0.0011 0.0004
Lviv 0.0305 0.5203 0.4101 0.0086 0.5158 0.0270 0.0011 0.0001
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According to this tablehere are various levels of significance for each pollutant. For insthece,
Os records 0f2019 vs. 2022are significantly differentoecause their -palues (with a small
toleranceor Kiev) arebelow 0.05while those calculated f&021 vs. 2022verehigher than this
threshold In accordance with these resuligble 7 earlier reported a higher difference between
2019 \s. 2022compared t@021 vs. 20220n the contrary, the-palues corresponding to N@br
2021 vs. 202are less than 0.0Which indicatea statistically significant differengevhile those
calculated for2019 vs. 2022re considerably higheLikewise, itwas expected based on what
presentedn Table7 in this regardAbout the HCHOpnly two p-valuesbelow0.05 were obtained
for Kharkiv in 2019 vs. 2022nd Lviv in2021 vs. 2022vhich respectively correspond to major
changes33.44% and +39.90h Table7. The smallest ywalues were obtained for the Gall p-
values below 0.05which infer thedynamics impast of the war on this pollutantFrom a
comparative point of view, the CO resulitso,can support the outcomesTdble7, meaningthe

lower the pvalue is, the bigger the change was.

3.2.4 Further Discussion
Having a conclusive overviewf the results suggests that this phase of the project amriduct
properAQM over Ukraineregardingthe ongoing war crisisith Russia Analyzingthe emission
of four gaseous pollutaniscluding Os, NO2, HCHO, and CObased on Sentin&P dataevealed
both casistent andheterogeneoushangesn the pattern of thesgollutantsin different parts of
the country Neverthelessthe findingsaltogetherdemonstrged the evidentimpact of the war on
air pollution.
Generally speakingthere are key barries to the way of proper acquisition, processing, and
interpretation ofobservational dataln this sense, technical skills (e.goding in specific
programming languagestatistical interpretationstc) are necessary fahe data endises [8].
Going ceeper into théQM usingSentinel5P, it can be groblematidaskdue toissues such as
small number ofdaily observationsandrapid diffusion ofgaseougpollutantsin the atmosphere
[82]. With these issueim mind (e.g., data qualitgand completenesghe resultsnay besubjeced
to uncertainties[45]. As observed in this phase, inconsistent recorde@€Hs, and SQ led to
their removalfrom assessment8esidesthe HCHO observationsan be argueas far as the
quality (e.g., negative concentratiores)d comptteness are concerned
Although this phase was associated wlith abovdimitationsin the used data, it provided notable
improvements. So fagndto the best knowledge of the author, the atlydiesthat particularly
deat with the samaubjectarecaried out byZhang, Hu [66andZalakeviciute, Mejia [67]Along

with the valuable findings, these works hagaknessegstoo. For instanceZhang, Hu [66]
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investigated the effect of Nnly, andZalakeviciute, Mejia [67]despite using a good dataset,

bounded their research to the initial days of the imaaddition, theyemployed an averaged single
observationto representhe wholeof Ukraine and focusedonly on Kiev for more particular
analyss. Hence, n this phasgdt wasalsotried tocope withthe shortcomings of previous literature
toward creating a more comprehensive A@\bettermanagehe warinduced air quality issues

in Ukraine

4. PHASE 2: AIR QUALITY PREDICTION USING MACHINE
LEARNING

After the AQM presented irthe first @rt of the thesis Phase2 addresses the application of ML
techniques for predicting air pollutioturing the war. For this purpose, a reliable dataset is
provided ad exposed to weknown ML models in order to predict thencentration oparticulate
matter2.5(PM..s). PM2 s signifiesthe fraction of aerosol particles haviagaerodynamic diameter
less than 2.8 m[123. Thesefine inhalable particlesare mainly generatedoy domestic fuel
combustionand urban traffic and can caussspiratory and cardiovasculbealth issue$l124].
Therefore having adependablestimationof its exposure cahe of great importance, especially
in vital situations such as military conflicts.

Due to the obligation of using groundeasurementfor acquiring PMs records,air quality
prediction in this section isarriedout only forthe capital city, i.e Kiev. This matteris explained
more clearlyin the relevant section.

Similar to Phase lfirst the materials and methods are described. Next, the resubgrabi&ed

andassociated with relevant discussion.

4.1 Materials and Methods
This section is overall concerned witireemajor parts. Firstthe ugd data is explained in terms
of acquisition and preprocessing. Secondntie¢hodolog of theappliedalgorithmsis explained

Lastly, this section defines the criteria that are considered for assessing the goodness of results.

4.1.1 Data Provisionand Analysis

4.1.1.1 Parameter Selection
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Preparing a reliable dataset is a prerequisite for execatitdL model. The dataset consists of
sufficient homogeneous recorofparameterthat are divided into twoategories: (i) one (or more)
parameter(s) that idgnred to be predicted called target parameteg(syl (i) some factors that
logically influence the target parameter called input factors.

In this study, thd®M. s concentratiorplays the role o&target parameter. Input factors, however,

are composedfahree major groups namely meteorologicalfactors, atmospheric factors, and

temporal factas. The ML model explogsthe relationship between the target parameter and input
factorsi.e., the dependency of thv. s concentration omput factorsThe modeherawith learns

how the target is changed with the variation of inpuasdit will be ready to predict th®M: s

concentration for new conditions

Regarding the input factgrthey are carefully selectedth reference to previous studigt, 46,

53,129. The selected parameters alassifiedas follows:

0] Meteorological factorsthecritical influence of meteorological conditions on air pollution
is evident.Sevenfactorsincluding humidity (H), temperaturéT), dew point (DP), wind
speel (W), wind drection (WD), solar irradance (Sl)andsea level presure (SLPare
selected

(i) Atmospheric factorghese factors include the concentratio®gfNO>, and CO Note that,
due to the inconsistencies of th€HO records, and also the presence of negative values,
this factor was omitteah this phase.

(i)  Temporal factorsby having temporal factors, the model is able to establish a connection
between time and pollutiokince daily pollution is predicted hettbge day number (DN)

is chosen to represent temporal dependency.

4.1.1.2 Sources

Three different sources are usedtold the dataet These sources are described as follows:

M PurpleAir website daily concentratios of PMz s, as well aghe correspondingd, T, DP,
andSLP, aretakenfrom thefreely avaibble records througthe PurpleAirportal[126. As
Figure 16 illustrates, br Ukraine, there is total of four registeredround stationsear
Kiev. Out of these stationghe records oboth Hlepcha andShepelevasensors were
suitabke for this work but due to the proximity ofShepelevastation (Longitude =
30.43221@andLatitude=50.42031to the central Kiev, the required B¥toncentrations
and meteorologicalataaredownloadedrom thisstation.

(i) The GEEdaily concentrations of th®s, NO2, and COare downloaded from the Sentinel
5P recordsising the GEE platform
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(i)  Solcastwebsite:hourly records othreemeteorological parameters, nam&sp, WD, and
Sl are taken fronthe Solcastportal[127]. Theseparameterare then converted intodaily

formatto fit the rest othedataset

3 how my O somsors a2 g Kylv
Kuin

Shepeleva

,

= oo T

Figurel6: A view of thePurpleAir websiteshowingregistered ground stations near Kjéw 6]

Table9 gives information regarding the parameters of the dataset.

Table9: Description of the used parameters

Type Label Source Factor Unit
Humidity (H) (%)
_ . TemperaturéT) (°C)
Meteorological ~ PurpleAir -
Dew Point(DP) (°C)
Sea Level Pressu(SLP) (mbay
03 concentratior{Os) (umol n?)
Inputs Atmospheric GEE NO; concentratior{NO,) (umol n?)
CO concentratior{CO) (umol n?)
Wind SpeedWSp) (ms?Y
Meteorological Solcast Wind Direction(WD) ®)
Solarlrradianceg(Sl) (W m?)
Temporal Calendar Day NumberDN) -
Targets Atmospheric PurpleAir PM s concentratior{PM s) (ug m®)

4.1.1.3 Data Preprocessing and Splitting
Datapreprocessing steplsatarecarried outo reach a suitable datasee as follows:
0] Two steps are applied to the Solodata. Firstsince the observations are recorded

based orthe coordinated universalrtie (UTC), the hours are correctéat the
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Ukrainelocal time.Next, the hourly recordsof WSp, WD, andSI areaveraged for
eachday to be compatible with other daily input factdfer this purposehePivot
Tablefeaturein Excel is used.
(i) Shepeleva sensor uses two chan(rdsnedA and B for measuring PMs. Based
onsome recent studies thatamired the quality oPurpleAirPM. s data,this data
Is recommendetb besubjected t@ correction before usequation(1) describes
theappliedcorrection[67, 129.
0EIQOBON ™Mc¢ 6w m™MWYPEO vy (1)
wher 0 «, signifiestheaveragd PMzsfor channels A and B. Alsd{ stands for
relative humidity.
(i) Most input factorshad some missing recordiroughout thedataset Thus, the
correspondingecord wereeliminated.
Eventually, thepreparediatasetonsists oR12daily recordsin the period27 January2022 to 06
February2023. Given the number of included paramstéll input factors + 1 targgiarameter)
a212x12Excel fileis genersed.
In an ML-basedimplementationthe dataset is split into twdifferent subsets, namely training
data and testing data. As the name suggests, the first fraction feusathing the modelDuring
this proess the relationship between the target and inputs is analyzed aneldegrthe model.
Since he second fraction (i.e., testing datays not beeconfroned by the modeit is used after
training for evaluating thegeneralizability of thanodel In other words, the performance of the
model in dealing with unseen conditionsaassessd usingtesting datd129, 13(. For this study,
80% of data (i.e., 170 daily records)e randomly chosen torm the training dataseand the

remaining20% (i.e., 42 daily records) form the testing dataset

4.1.1.4 Description and Statistics
The datisticaldescriptionof the dataset givesa clear visionof the data conditionsn Figure 17,
the variation of the input factoendPM.s in the period of interest is digped. Concerning the
gaseous pollutants, it is seen that @eshows a decesing behavior moving toward the ceiof
2022, whereas the N(eaks several times late 2022 and early 202Bloreover, evaluating the
PM:z s trend demonstratesharp increments with the beginning of the war in February and March
2022, as well athelast three months of 2022
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Figurel7: Variation ofthe dataset parameters with time

Using Excel, descriptive statistics of the datasetpaoglucedand thevalues ofmean standard
deviation sample variangeskewness minimum and maximum are given inTable 10. The

concentration oPM.sranges fron8.59to 89.42ug n® with an average af8.08ug m?
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Table10: Descriptive statistics of the dataset

Factor Mean ggr;?%rr? VSaa;in;ﬁlcee Skewness Minimum Maximum
H (%) 46.87 11.48 131.75 0.08 25.00 70.00
T (°C) 11.18 9.84 96.92 -0.11 -8.00 29.00
DP (°C) -0.24 7.93 62.88 -0.13 -17.00 14.00
SLP (mba 1018.89 8.45 71.37 0.38 995.80 1044.30
Os (umol n1?) 153546.03 16786.08 281772492.90 0.31 111561.71  200901.94
NO; (umol nT?) 106.31 51.54 2656.15 4.16 49.50 501.80
CO (umol n?) 31476.53 3679.24 13536798.57 0.11 22306.92 41959.29
WSp(ms?) 3.52 1.28 1.64 0.63 1.05 7.97
WD (°) 194.58 88.51 7834.61 -0.26 17.88 341.96
SI (W m?) 177.42 146.92 21586.53 0.27 0.00 484.58
DN 163.56 95.67 9152.73 0.16 4.00 361.00
PMz.s (ug m®) 18.08 14.16 200.60 2.27 3.59 89.42

Moreover,Table11 contains the results d¢ifie correlation assessment among all parametédrs.

reported values can vary ifl| 1] so thatl means the two parameters are completely adversely

proportiona) andvice versal means the two parameters are completely directly proportibmal.

correlation of PM2 s with the input factors is given in the last rolihe largest valugareobtained

for CO (0.44)and SLP (0.32), while the smallest values are calcul@ethe two temperature

factors(i.e., T and DP with correlations €9.49and-0.50 respectively.

Tablell: Correlation analysis of the parameters

H T DP SLP Os NO. CO WSp WD Sl DN  PM:s
H 1.00
T -0.50 | 1.00
DP -0.14 | 0.92 1.00
SLP -0.23 -0.26 -0.39 | 1.00
O;s -0.22 -0.18 -0.30 -0.04 | 1.00
NO. 0.12 -0.25 -0.24 0.18 -0.19 | 1.00
CO -0.18 -0.39 -0.52 0.28 0.35 0.08 | 1.00
WSp @ 022 -0.23 -0.16 -0.30 0.12 -0.23 -0.04 | 1.00
wD 0.14 -0.08 -0.03 -0.31 0.12 -0.14 -0.15 0.31 | 1.00
Sl -0.78 | 0.53 0.26 0.20 0.06 -0.07 0.12 -0.23 -0.13 | 1.00
DN 0.12 031 040 -0.05 -0.61 0.01 -049 -0.04 0.06 0.02 | 1.00
PM2s 0.15 -0.49 -050 032 -0.05 030 0.44 -0.26 -0.09 -0.18 -0.22 | 1.00

4.1.2 Atrtificial Intelligence

MATLAB R2017b is useddr implementing alartificial intelligencealgorithms.In the following,

the usedechniquesre described.
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4.1.2.1 Artificial Neural Network (ANN)
The ANN is distinguished assophisticatedL methodthat works based on the function of neural
network inthe human brainThe basic idea of neural learning wast proposed byicCulloch
and Pitts [131]So far,different types oANNs have gained huge popularity, due tartiagility of
efficient nonlinear analysisMulti-layer perceptron neural networli(PNN) is a potentiaklass
of ANN that, as the name implies, has a layered strudilmey studies have proven that ewen
simply structured MLPNN can be a universal approximgtdo8Z. Concerning specific
applications, authorsave broadly usethe MLPNN for predicting various air quality parameters
(e.g.,Ameer, Shah [133Liu and Guo [134]Suesh, Kiranmayee [135¢tc.)

In this model,datais transmittedforward via three kinds of layers, namely input, hidden , and

outputlayers. As Figure 18 displays, each layaranhold a number oheurons A threelayered
network withn input neuronsm hiddenneurons, and output neurons is signified &LPNN (n,

m, z). The neurons throughout the network are connected by welylsts one bias parameter is
specifiedfor hidden and output neuronBhese two groups of neurons (i.e., hidden and output)

employ linear/nodinear activation functions in order to perform the calculations.

Input Layer € R® Hidden Layer € R™ Output Layer € R?

® @
Input 1 -.\ b .
Input 2 . 1 l.

' t’ » Output 1

6‘ » Qutput z

Input n-1 '. 7 .
@ m)

[HprH . Neuron i
” Weight
bl Bias

Figurel8 The topology of general MLPNN{, m, z)
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The weights and biases of the MLPNN are tuned by specific algorithms in order to train the model.
Equation(2) describes the mathematicalationship between thaputs (), outputs @ ), weights,
andbiases.

w QBUO QBUO & @& O, 2)
where 0 representthe weights that connect the input and hidden neuebmisg with the
corresponding biaé and0 represent the weights that connect the hidden and oodpuibns

along withthe corresponding bia® [136. Employingtwo socalled strategies feddrward and
backpropagationthe MLPNN first process the data forwaathd after producing the output, the
error is calculatedthen, the networkpropagates backward to adjust the parameters with the
objective ofreducing thesrror[137).

4.1.2.2 Electromagnetic Field Optimization (EFO)
Abedinpourshotorban, ShamsuddikB88] designed the EFO algorithm as onetlo¢ physical

inspired metaheuristic algoritlenThis algorithm has been earlier used for optimizing MLPNN for
purposedike groundwater level modelind 39 andsolar energyestimatior{14(. The population
in EFOis represented by a set ofsalled memberglectromagnetic particles (EFPAs shown in

Figurel9, there can be three polarities, namely positive, neutral, and nedatittee EPs

\
| | |
Negative Neutral Positive

Figurel9: Threepolarities and forces amonige BPs
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For optimization the EFOpopulationconsiderghe repulsiomattraction interactioio update the

population (i.e., produce new EPRs)thin the create electromagnetic fieldThe mathematical

descriptionis as follows:

0] Population GeneratioBased on Equatio(3), the particles areandonty generated in the
search spadeounded withirthelower bour (0 6) and upper boun@Y ).

00 06 1 &¢®6 06,i=1,2,..,%pandj = 1D 2, ¢é, (3)
wherei &€ §ymbolizes a random valure [0, 1], Seop Stands for the population size, and
represents the dimensiofhe population is next sortedth respect tahefitness ordeof
the EPs

(i) Classification:The population is grouped into thrpesitive (P), neutral (Nt), and negative
(N) fields. In this regard, the bes$itted EPs go into thpositivefield with a population ratio
Preid, the worstfitted EPs go into theegativefield with a population ratio Mg, and he
remaining EPgo into theneutralfield.

(i)  New EP Generation: One random particle is selected #aah fieldto incorporate based
on Equatior(6) for generang a new EP

0 i 'Oli)ﬁ ) ) ) ) Vi EQO i @
1O , 1T €Q OV 1 O 1 €OV I OLh &I VQ
wherepatrticles selected from the P, N, and Nt fields are representeddyi ‘O and
i ‘00, respectively, is the golden ratio=1.618 and0 {  stands for the probability of
choosing variables of the new E®Bm the P field

(iv)  Randomization: Onelectromagnebf the generated EP goes through a randomization
process based dfquation(5) whereirt denotesan integer iteradn counter

(o] 06 i¢Wo 06 hQiQ: QY (5)
in which,”Y  gives theprobability of changing one electromagnettbé EPwith a
random electromagnet

(V) Selection: In this process, the fithess of the new ERBgsssed anditf has higher fitness

compared to thevorst existing EPthe new EP replaces the isbone[141].

4.1.3 Accuracy Evaluation Method
There are various statistical indicators that can reflect the accuracy of predictions. In order to
evalude the performance of thdL models this study useshree wellknown indicatorsnamely

root mean square error (RMSE), mean absolute error (MAE), and Pearson correlation coefficien
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(Rp). While the RMSE and MAalculatethe error of predictiome., the difference between the
output and target Pp4, theRp indicates the correlation between these valRetatively speaking

a snaller RMSE and MAErepresent a better predictiowhile Re ranges from 0 to 1 so that 1
reflectsthe largest accura@nd vice versa

Given0O - g andO - g as the target and outpBiM. s with respectiveaverage values @f - g

andO - g , Equationg(6) and(7) formulate the RMSE and MAE, arequation(8) formulates

the Rp.
YO'YO -B 00g 005 |, (6)
060 -B 00y 00y . @
y B 8 8 8 8
, 8
B 8 8 B 8 8 ®

whereN stands for the number of data

4.1.4 Scenarios

The main objective of defining scenarios is to try several viable conditions to attain the most
optimum predictionRegarding theseddataset, four scenarios are defined for the prediction of air
pollution. Two scenarios are about the temporal aspedtexditmospheric data. In one dataset, the
PMzsin thedayi is considered as the functioninput factorgecorded fothedayi (called dataset
i), whilein the otherdatasetthe PM s in thedayi is considered as the functionioput factorsn
dayi-1 (called datasetl). [142 143
Two scenarios are also defined basedh@dimension ofthe problem Thefirst datasets in the
original form andcomprisesll input factors(called originalinput dataset) while the second
dataset comprisesower number of inputécalledinputreduceddatasetvith referenceto feature
selectionanalyss. [144]
The scenarios asummarizd as follows:

0] Scenario ldataset & originakinput dataset

(i) Scenari@2: dataset-1 & originakinput dataset

(i)  Scenarid3: dataset & inputreduceddataset

(iv)  Scenariot: dataset-1 & inputreduceddataset

4.2 Results and Discussion

4.2.1 Feature SelectionUsing Principal Component Analysis (PCA)
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Due to the large number of input factors involved, the ML model hasotdront a high
dimensional problemt has been provethattrimming the dimension of the problem is a viable
idea forreducing the computationabst as well asncreasing theccuracyoccasionally In this
regard, there are sevestatisticalmethods that point out the importance of the input facttne
factors withthe lowest importance can be eliminateohd then check if improvesthe accuracy.

In this study,a well-knowntechnique, namelgrincipal component analysis (PC&)employed.
The basis of the PCA is transferring thgisting interrelated variables into sornghogonal
(independentyariablescalled principal components (PCBach PC contains a linear combination
of theoriginal variables and igncorrelatedo the other PCEL45. The PCA analyses are carried
outin thelBM SPSS Statistics 2@nvironment.

Figure 20 shows the scree plot of the PQAsults This plot depictsthe eigenvaluedor the
constructed PCAlthough thecutoff pointis observedaroundthe fourth PC, onlyhte PCs with
eigenvalues greater than 1 are considered signiffdaii}. The first three PCbaveeigenvalues
3.062, 2.435, and 1.80Basd on the detailed results frable 12, these three PCs account for
around66.37% variance in data.

Scree Plot

Eigenvalue
(=]
1

T T T T T T T T T T T
1 2 3 4 E] [ 7 g 9 10 11

Component Number

Figure20: Scree plot of the PCAnalysis
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Tablel12 Detailed variance analysis of the £C

Initial Eigenvalues

Extraction Sums of Squared

Rotation Sums of Squared

Component . Loadings : Loadings :
Total %_of Cumulative Total %_of Cumulative Total %_of Cumulative
Variance % Variance % Variance %

1 3.062 27.836 27.836 3.062 27.836 27.836 2.715 24.679 24.679

2 2.435 22.134 49.970 2.435 22.134 49.970 2.614 23.763 48.442

3 1.804 16.398 66.368 1.804 16.398 66.368 1.972 17.926 66.368
4 912 8.290 74.658
5 .809 7.354 82.012
6 .646 5.877 87.889
7 .505 4.592 92.480
8 .335 3.044 95.525
9 .286 2.601 98.126
10 .204 1.855 99.981
11 .002 .019 100.000

In the following, timee rotation methods, nameVarimax Quartimax andEquamaxare applied

to the selectedCsin order to identify the most importamput factors In this senseKaiser

Criterion[147] is used to decide which factors should be retained and which should be disregarded
The results are given ifable13. Referring to previous studi¢$44, 148, 0.75 can be considered

a threshold offactor loadingto determine strong factorgnput factors havingabsolutefactor

loadings larger thar(or equal to)0.75 are highlighted ifable13 (negdively and positivey strong

loadings are highlighteith green and red, respectively)

Tablel13 Rotated factor loadings and communalitiestfgrused rotation methods

Rotated Component Matrix

RotatedComponent Matrix

Rotated Component Matrix

Input (Varimax) (Quartimax) (Equamax)
PC1 PC2 PC3 PC1 PC2 PC3 PC1 PC2 PC3

H 0.239 -0.856 0.166 0.233 -0.857 0.170 0.242 -0.856 0.165
T 0.535 0.796 0.154 0.540 0.793 0.149 0.532 0.797 0.156
DP 0.711 0.538 0.253 0.715 0.534 0.250 0.709 0.539 0.255
SLP -0.274 0.029 -0.725 -0.275 0.028 -0.724 -0.273  0.030 -0.725
Os -0.751 0.182 0.335 -0.750 0.188 0.335 -0.752  0.179 0.335
NO, 0.046 -0.315 -0.578 0.043 -0.318 -0.577 0.047 -0.314 -0.579
CO -0.750 0.019 -0.264 -0.750 0.023 -0.263 -0.750 0.017 -0.264
WSp -0.145 -0.295 0.626 -0.146  -0.292  0.628 -0.144 -0.297 0.626
WD -0.012 -0.166 0.610 -0.013 -0.163 0.611 -0.012 -0.167 0.610
Sl -0.076  0.842 -0.209 -0.071 0.841 -0.213 -0.079  0.842 -0.207
DN 0.797 -0.039 -0.084 0.796 -0.045 -0.085 0.797 -0.036 -0.084

As is seensignificantfactorsareobtained onlyfrom the first and second PGkat together account

for nearly 50% variance in dat@ee Table 12). However,all three modelgi.e., Varimax,
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Quartimax andEquama agree on theetentionof H, T, Gz, CO, SlI, and DNbecause these six
factors satisfy théadingthreshold[ 144 149.

With reference to these results, ithputreduceddataset for implementing Scenarios 3 and 4 is
created byetaining H, TOs, CO, SI, and DNindeliminatingthe other five factors (i.eQP, SLP,
NO2, WSp, and WD

4.2.2 Method Configuration and Scenario Evaluation

Determining the configuration of the ANN is an important stepuch studiesThe reason is that
the prediction accuracy can be affected by the computational architecture of the Despéie
some ofthe characteristics that should k#ecided by triaand-error, some others can be
satisfactorilydetermined from experience and previous attenfpds. instance, per Section
4.1.2.1 theappliedMLPNN model can possessminimum of three layerdut it has been broadly
shown that threelayered network can excellently model complicated prob[é/®(. Hence one
hidden layer is embedded in the used MIN? Tale 14 addresses the characteristics that are fixed

for all used MLPNNCi.e., in all scenarios)

Tabe 14: Fixed characteristics of the applied MLPNNs

No. of  No. of Neurons Activation Function in FAL?I:[IICVt?(';Ir??n Training Algorithm Max. No.
Layers in OutputLayer Hidden Layer Output Layer of Epochs
3 1 Tansig ( p)  Purelin b & Trainim 1000

(Levenberg MarquardflL51]

As a characteristic of the MINN, the number of neurons in the input and output lager
determinedby (equals)the number of inputs anoutputs respectively.Given the PM s as the

single output of all scenaripene neuron lies in the output layseéTale 14). This is while the
number of inputs varies bed ontheongoing scenario amatcordinglyequalsghe number of input
neurongi.e., eleveninputs in Scenarios 1 and 2 asid inputs in Scenario8 and4). The number

of neurons in the hidden layer is determined with respect to the data conditions. Due to imposing
different conditions in each scenario, this number is determined byamdidrror efforts The
performedprocess includes running the intended MLPMNKh a variable number of neurons in

the hidden layefm). Ten values arexamined sothah= 1, 2, €, 1 O0theresuitd t h
is quantified by the RMSE criteridor the training and testing phases (TR andreSpectively.

Each model is rumix times(i.e., Iteratiors 1-6) andtheir average RMSgare calculatedln the
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end, the configuration that yields the smallest REIBEchosenThe results arexhibitedin the
following tables witha color-intensityvisualization

58














































































