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ENGLISH ABSTRACT 

Air quality assessment is an important task, due to the adverse effects of air pollution on human health. 

This importance is more highlighted when it comes to exceptional events such as war. Early 2022 

witnessed the start of a military conflict between Ukraine and Russia. As with any similar event, this 

war influences the environment from different aspects. The objective of this thesis is to assess and 

predict war-affected air quality in Ukraine, for which, the project draws on two phases:  

(i) Phase 1 deals with air quality monitoring (AQM) using Sentinel-5P imagery and google earth 

engine. The monthly emission of four gaseous pollutants including ozone (O3), nitrogen dioxide 

(NO2), formaldehyde (HCHO), and carbon monoxide (CO) in 2022 is compared to 2019 and 2021 as 

business-as-usual (BAU) period. The focus of this evaluation is on five major cities, namely Kiev, 

Kharkiv, Donetsk, Kherson, and Lviv. According to the results, the general trend of the O3 

concentration is found to be increasing, whereas NO2, HCHO, and CO follow mostly a decreasing 

trend. However, the records of Lviv in terms of NO2 and HCHO indicate significant discrepancies 

with others cities that are deemed war fronts. Moreover, based on the applied t-test, the differences 

between the emission in 2022 vs. BAU years in most cases are statistically significant. All in all, this 

phase revealed evident effects of the ongoing war on the anthropogenic activities in Ukraine, and 

consequently, changes in air pollution.  

(ii)  Phase 2 employs a novel optimized machine learning model for predicting war-affected air 

pollution in Kiev. In so doing, a well-known machine learning model, namely multi-layer perceptron 

neural network (MLPNN) is coupled with electromagnetic field optimization (EFO) algorithm to 

predict the daily concentration of particulate matter 2.5 (PM2.5). Initially, a dataset is prepared by 

collecting seven meteorological factors (humidity (H), temperature (T), dew point (DP), wind speed 

(WSp), wind direction (WD), solar irradiance (SI), sea level pressure (SLP)), three atmospheric factors 

(the concentration of O3, NO2, and CO), and one temporal factor (day number (DN)) from different 

resources. Next, principal component analysis (PCA) is used to determine the most contributive 

factors, and based on the results, a reduced dataset is created composed of H, T, O3, CO, SI, and DN. 

Four scenarios are defined by considering the reduced/original dataset, along with, predicting the 

current day/one-day-ahead PM2.5. A sensitivity analysis revealed that the most accurate results are 

achieved for predicting one-day-ahead PM2.5 using the reduced dataset. After adjusting the 

configurations of both MLPNN and EFO, the EFO-MLPNN hybrid is created and its performance is 

compared to classical MLPNN and another machine learning model called adaptive neuro-fuzzy 

inference system (ANFIS). According to the prediction results, the EFO-MLPNN with root mean 

square error (RMSE) 6.68 µg m-3 and Pearson correlation coefficient (RP) 0.82 outperformed both 

MLPNN (RMSE = 7.51 µg m-3 and RP = 0.79) and ANFIS (RMSE = 7.98 µg m-3 and RP = 0.73). 

These findings infer that optimizing the MLPNN by EFO improves prediction accuracy. Hence, the 

proposed hybrid model is recommended for more practical air quality estimations. Lastly, a 

monolithic neural-based formula is extracted from the EFO-MLPNN hybrid for the explicit prediction 

of PM2.5. 

Notwithstanding a few limitations, this project demonstrates the applicability of Sentinel-5P imagery 

and machine learning for reliable air quality assessment during the war. 
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ITALIAN  ABSTRACT 

La valutazione della qualità dell'aria è importante a causa degli effetti negativi dell'inquinamento 

atmosferico sulla salute umana. Questa rilevanza è maggiormente evidenziata quando si tratta di 

eventi eccezionali come quelli bellici. L'inizio del 2022 ha visto lo scoppio di un conflitto militare tra 

Ucraina e Russia. Come per qualsiasi evento di questo tipo, questa guerra sta avendo influenza 

sullôambiente. L'obiettivo di questa tesi è valutare e prevedere la qualità dell'aria a seguito della guerra 

in Ucraina. La ricerca si è sviluppata in due fasi: 

(i) La Fase 1 si occupa del monitoraggio della qualità dell'aria (AQM) utilizzando le immagini 

Sentinel-5P e la piattaforma Google Earth Engine (GEE). L'emissione mensile di quattro inquinanti 

gassosi tra cui ozono (O3), biossido di azoto (NO2), formaldeide (HCHO) e monossido di carbonio 

(CO) nel 2022 viene confrontata con il 2019 e il 2021 come periodo ñnormaleò. Il focus di questa 

valutazione è su cinque grandi città: Kiev, Kharkiv, Donetsk, Kherson e Lviv. Secondo i risultati, la 

tendenza generale della concentrazione di O3 risulta essere crescente, mentre NO2, HCHO e CO 

presentano sostanzialmente una tendenza decrescente. Tuttavia, i dati relativi alla città di Lviv in 

termini di NO2 e HCHO indicano discrepanze significative con altre città colpite più direttamente 

dagli eventi bellici. Inoltre, sulla base del test t di Student applicato, le differenze tra l'emissione nel 

2022 e gli anni "normaliò nella maggior parte dei casi sono statisticamente significative. Tutto 

sommato, questa fase ha rivelato evidenti effetti della guerra in corso sulle attività antropiche in 

Ucraina e, di conseguenza, cambiamenti nell'inquinamento atmosferico. 

(ii) La Fase 2 utilizza un nuovo modello di apprendimento automatico ottimizzato per prevedere 

l'inquinamento atmosferico causato dalla guerra nella città di Kiev. In tal modo, un noto modello di 

apprendimento automatico vale a dire la rete neurale MLPNN è accoppiato con l'algoritmo di 

ottimizzazione del campo elettromagnetico (EFO) per prevedere la concentrazione giornaliera di 

particolato 2.5 (PM2.5). Inizialmente, viene predisposto un set di dati raccogliendo sette fattori 

meteorologici (umidità (H), temperatura (T), punto di rugiada (DP), velocità del vento (WSp), 

direzione del vento (WD), irradianza solare (SI), pressione al livello del mare (SLP)), tre fattori 

atmosferici (la concentrazione di O3, NO2 e CO) e un fattore temporale (numero del giorno (DN)). 

Successivamente, l'analisi delle componenti principali viene utilizzata per determinare i fattori di 

maggiore contributo e, sulla base ai risultati, viene creato un set di dati ridotto composto da H, T, O3, 

CO, SI e DN. Vengono definiti quattro scenari considerando il set di dati ridotto/originale, insieme 

alla previsione del giorno corrente sulla base della concentrazione PM2.5 del giorno precedente. 

Un'analisi di sensibilità ha rivelato che i risultati più accurati si ottengono per prevedere il PM2.5 con 

un giorno di anticipo utilizzando il set di dati ridotto. Dopo aver regolato le configurazioni sia di 

MLPNN che di EFO, viene creato l'ibrido EFO-MLPNN e le sue prestazioni vengono confrontate con 

il classico MLPNN e un altro modello di apprendimento automatico chiamato sistema adattivo di 

inferenza neuro-fuzzy (ANFIS). Secondo i risultati della previsione, l'EFO-MLPNN con errore 

quadratico medio (RMSE) 6,68 µg m-3 e coefficiente di correlazione di Pearson (RP) 0,82 ha superato 

sia MLPNN (RMSE = 7,51 µg m-3 e RP = 0,79) che ANFIS (RMSE = 7,98 µg m-3 e RP = 0,73). 

Questi risultati deducono che l'ottimizzazione dell'MLPNN da parte di EFO migliora l'accuratezza 

della previsione. Pertanto, il modello ibrido proposto è raccomandato per stime più pratiche della 

qualità dell'aria. Infine, dall'ibrido EFO-MLPNN viene estratta una formula monolitica su base 

neurale per la previsione esplicita del PM2.5. 

Nonostante alcune limitazioni, questo progetto dimostra l'applicabilità delle immagini Sentinel-5P e 

dell'apprendimento automatico per una valutazione affidabile della qualità dell'aria durante un evento 

bellico. 
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1. INTRODUCTION 

 

1.1 Background 

Air pollution is among the most serious problems in the world, due to the rapid population growth 

and its consequences. Activities such as urbanization, motorization, energy production, 

transportation, heavy industry, etc. are the main causes of air pollutants. As is known, pollution 

can adversely impact the environment and human health. Therefore, it is considered a concern of 

not only experts and ecologists, but also ordinary people. According to the estimations by the world 

health organization (WHO), around 7 million people die annually because of exposure to polluted 

air, along with nearly 4.2 million premature annual deaths mainly due to health issues including 

heart disease, pulmonary disease, stroke, childrenôs acute respiratory infections, etc. According to 

World_Bank [1], around 90% of people in low and middle-income countries are dangerously 

exposed to polluted ambient air. It is even worse for developing countries where the concentration 

of pollutants and exposure exceed WHO standards. Not surprisingly, the reasons lie in increasing 

industrial activities which are associated with burning dirty fuels and employing outdated 

technologies, as well as the lack of essential healthcare awareness and inadequate standards 

regarding air quality [2]. 

Ukraine is one of the most critical countries regarding air pollution consequences. WHO reported 

14,400 life losses annually because of air pollution in Ukraine [3]. Out of 120 countries in 2017, 

this country had the largest number of fatalities (per every 100,000 people) attributed to 

atmospheric air pollution [4]. Based on another piece of statistics, the rate of deaths caused by this 

issue is higher than 200 per 100,000. 

 Despite recent progress carried out for improving air quality assessment in Ukraine (e.g., air 

quality EU Directives), there are still some limitations (such as insufficient and unfair distribution 

of ground-based measurement sites [5]) which necessities using more sophisticated tools like 

satellite imagery to obtain a comprehensive image of the pollutants over this country.  

 

1.2 Literature Review 

1.2.1 Remote Sensing Aspect 

In the previous literature, many studies have benefitted from various sophisticated techniques for 

air quality monitoring (AQM) in different parts of the globe. However, the world has witnessed a 

paradigm shift in air pollution monitoring from conventional government-operated networks (i.e., 



2 

 

reference instruments) to more sophisticated mixed networks (i.e., reference-grade monitors and 

sensor/monitor technologies). These low-cost new technologies received increasing attention later 

and were recommended in standards of relevant agencies such as the U.S. environmental protection 

agency (EPA) [6]. 

Satellite remote sensing (RS) is a highly evolved technique for conducting reliable AQM [7]. 

Satellite data can be beneficial to estimate emissions, provide evidence for exceptional event 

declarations, track pollutant plumes, and support air quality forecast results [8]. In this approach, 

the pollution representatives are sensed through spatial assessment of satellite products using 

environments such as geographic information system (GIS) [9]. This assessment can also be 

improved using different sources including additional air pollutant measurements, modeled air 

pollutant concentrations, and spatial surrogate data such as land-cover characteristics [6].  

Sentinel-5 Precursor (a.k.a Sentinel-5P and S5P) (Figure 1) is a recently launched satellite that is 

able to sense the concentration of various pollutants using four spectrometers with spectral bands 

in the ultraviolet (UV), visible (UVIS), near-infrared (NIR) and shortwave infrared (SWIR) 

wavelengths [10, 11]. A review of previous studies indicates successful applications of Sentinel-

5P satellite in AQM by detecting changes in pollutants such as sulfur dioxide (SO2) [12], methane 

(CH4) [13], nitrogen dioxide (NO2) [14], CO [15], formaldehyde (HCHO) [16], ozone (O3) [17], 

and aerosols [18]. 

 

 

Figure 1: Sentinel-5P launched by the European Space Agency (ESA) [19] 
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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 patterns in the 

building can affect the concentrations of tropospheric NO2, CO, and SO2 in Kabul, Afghanistan. 

For this purpose, they used Sentinel-5P data which disclosed the decline of the mentioned 

pollutants going from winter to summer. This reduction was explained by cutting the use of 

substances like coal, gas, and biomass which are burnt for heating purposes in winter. Bhatkar, 

Syamala [21] used the NO2 records of Sentinel-5P to assess the relationship between urbanization 

and population growth in the United Arab Emirates. Their research showed a meaningful positive 

correlation between the considered parameters, and hereupon, they recommended further 

continuous monitoring of this area. The measurements of this satellite have also served other 

environmental purposes such as mapping important parameters e.g., sun-induced chlorophyll 

fluorescence [22] and water vapor columns [23]. 

When it comes to extreme environmental conditions, the effectiveness of satellite-based AQM is 

more highlighted, due to the limi tations in viable ground measurements [24]. Scientists have 

benefitted from Sentinel-5P data to better manage problematic conditions such as post-fire air 

pollution monitoring (e.g., in Türkiye [25] and Portugal [10]) and detecting Volcanic SO2 Plumes 

(in Italy [26] and [27]) in different areas. Recently, the world has witnessed extensive emergency 

lockdowns, due to the COVID-19 pandemic. In the meantime, many experts could successfully use 

RS measurements, and particularly Sentinel-5P data, to monitor the effects of these restrictions on 

air quality all over the globe. For instance, Sharifi and Felegari [28] examined the effect of 

pandemic quarantine conditions in Tehran, Iran. Utilizing the Sentinel-5P data in 2019 and 2020, 

they detected that the concentration of NO2 in 2020 fell by 6%. With the same logic, Vîrghileanu, 

SŁvulescu [29] studied Europe and found an up to 85% decrease in the tropospheric NO2 in some 

major cities. It was also revealed that satellite data are in good agreement with ground-based 

observations (correlation coefficients (R2) ranged in [0.5, 0.75]). In a study over Tamil Nadu, India, 

Muniraj, Panneerselvam [30] used the Sentinel-5P coupled with ground measurements to see how 

air quality is affected by COVID lockdown. As the primary results, they showed significant 

reductions (i.e., from 50% to 314%) in the emissions of CO, NO2, SO2, and O3 in the period of 

March-June 2020. Moreover, comparing the satellite acquisitions with in-situ records professed 

above 83% accuracy for them. Likewise, Stratoulias and Nuthammachot [31] used a combination 

of Sentinel-5P and ground data to evaluate the influence of the COVID lockdown in Hat Yai, 

Thailand. In terms of NO2 and particulate matter i.e., PM10 and PM2.5, their concentrations declined 

by about 34%, 23%, and 22%, respectively, during the first 3 weeks of quarantine. Further similar 

efforts can be found adequately in the previous literature [32-34]. 
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Certainly, 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 extreme events that impact 

the environment in various ways. For example, substantial air pollution effects were recorded for 

Kuwaiti oil fires in Gulf War [35]. In general, suspension of normally active systems (e.g., industry 

and transportation), as well as inducing detrimental military activities  (e.g., the movements of 

military equipment, fire, and explosions), can impact the quality of air in different scales  [36]. In 

such cases, satellite observations can play an excellent complementary role for AQM. Reading the 

literature exposes promising applications of Sentinel-5P imagery for monitoring the pollution 

caused by military explosion events. For example, Ali, Abouleish [37] focused on the powerful 

blast of an ammonium nitrate storehouse at Beirut Port on 4 August 2020. Tracing the NO2 

emissions revealed higher concentrations of this pollutant compared to the pre-event period. 

 

1.2.2 Machine Learning Aspect 

The advent of machine learning (ML)  models has revolutionized various scientific domains, 

especially when it comes to solving complicated engineering problems. Provided with a valid 

dataset, an ML model is capable of pattern recognition by considering a number of influential 

factors and predicting the behavior of the intended parameter(s) [38, 39]. High accuracy of non-

linear prediction, excellent flexibility, time efficiency, and inexpensive implementation are among 

the most important advantages of ML tools that make them popular in various engineering domains 

including civil [40] and environmental engineering [41]. 

 More particularly for air quality assessments, different ML methodologies have been so far applied 

to predict atmospheric pollution [42-44]. A review of the past decade's literature denotes a 

significant evolution of studies that employed ML for air quality prediction (see Figure 2 of [45] 

and [46]). In this regard, it has been shown that these models are able to accurately predict the 

presence of pollutants by analyzing temporal data and meteorological factors (e.g., humidity, 

temperature, and wind effects). Artificial neural networks (ANNs) [47], neuro-fuzzy (NF) [48] 

systems, support vector machine (SVM) [49], and random forest (RF) [50] are some of the most 

popular ML models that have attracted the scientistsô attention for air pollution predictions.  Maleki, 

Sorooshian [51], for instance, used an ANN to predict air quality index (AQI) and air quality health 

index (AQHI) for Ahvaz, Iran, which is known as one of the most polluted cities in the world. 

These indices were calculated based on six pollutants, namely O3, NO2, PM10, PM2.5, SO2, and CO. 

The model explored the effect of temporal (time and date) and meteorological (wind speed, air 

pressure, temperature, dew point, and rainfall) parameters, as well as 3 and 6 h ahead pollution 

concentrations to predict the AQI and AQHI. Due to the nice agreement between the measured and 
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predicted values, they concluded the suitability of the ANN for air quality prediction. Furthermore, 

many comparative efforts have been conducted to comparatively evaluate the performance of 

various ML models. As an example study, Zhang, Wang [52] employed an ML technique called 

light gradient boosting machine (LightGBM) to predict PM2.5 using an integration of temporal, 

meteorological, statistical, and air quality features. They also showed the outperformance of the 

proposed LightGBM in comparison with benchmark models, namely Gradient Boosting Decision 

Tree (GBDT), Extreme Gradient Boosting (XGboost), Catboost, and Deep Neural Network 

(DNN). Further comparative efforts can be adequately found in relevant literature review efforts 

[53].  

More recent attempts by ML developers have resulted in the introduction of novel hybrid ML 

techniques that can be used for a wide range of prediction problems. These models are called hybrid 

because they are composed of two (or more) pivotal algorithms, the first one is a conventional ML 

such as ANN that represents the basis of the models and the second part is a metaheuristic 

optimization algorithm that plays the role of an optimizer. Many studies have proven that 

considering this strategy leads to surmounting computation drawbacks of conventional predictive 

models (e.g., local minima issue in ANN), and consequently, creating a more powerful model [54, 

55]. Engineers have also used these hybrid models (i.e., a conventional ML + a metaheuristic 

algorithm) in the field of air quality forecast [56, 57]. Genetic algorithm (GA), differential 

evolution (DE), and particle swarm optimization (PSO) are among the most famous metaheuristic 

techniques. Yonar and Yonar [58] employed these three algorithms to optimize a so-called ML 

model adaptive neuro-fuzzy inference system (ANFIS) for predicting PM2.5 in Ķstanbul, Turkey. 

This task was fulfilled by taking into account the effect of gaseous pollutants including SO2, O3, 

NO2, and CO, and meteorological parameters including wind speed, temperature, wind gust, 

humidity, and pressure. According to their results, the optimized ANFIS could surpass its classical 

version. Similar applications can be found in earlier works (e.g., multi-verse optimization (MVO) 

for optimizing long short-term memory (LSTM) model [59], cuckoo search algorithm (CS) and 

grey wolf optimizer (GWO) for optimizing support vector regression (SVR) model [60]). As far as 

the ANNs are concerned, experts have proposed optimized versions for air quality prediction. 

Genetic simulated annealing (GSA) algorithm was coupled with ANN by Kang and Qu [61] for 

predicting the AQI in Lanzhou, China. Referring to the calculated mean absolute percentage errors 

5.51% and 1.08%, respectively for the classical and optimized ANNs, it was deduced that the 

executed optimization could satisfactorily enhance the accuracy of ANN. Similarly, Xia [62] 

improved the prediction accuracy of ANN by 4% when it was combined with fruit fly optimization 

(FFO) algorithm. 
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1.3 Scope and Objectives 

Considering the ongoing war crisis in Ukraine, its air quality has certainly experienced significant 

changes as a result of shifts in anthropogenic activities that can affect the pollution emission rate. 

Similar trends have been previously observed in this area, due to the COVID-19 lockdowns in 

recent years [63, 64]. As with any other major conflict, this event incurred changes in the normal 

patterns of anthropogenic activities, and also caused detriment activities, which altogether call for 

conducting proper AQM in order to reach the maximum preparedness in dealing with the current 

situation. 

As elucidated above, previous sections well described different aspects of AQM studies. Apart 

from the importance of continuous AQM for mitigating air pollution consequences in normal 

circumstances, the role of this task is more critical in the time of extreme events such as war and 

natural disasters. Taking a look at the literature demonstrates that, despite its critical importance, 

very few studies have worked on this subject before. For example, in studies by Rawtani, Gupta 

[65] and Pereira, Baġiĺ [36] the environmental impacts (air pollution included) of the Russia-

Ukraine crisis have been investigated in brief along with economical and social aspects. In a more 

particular effort, Zhang, Hu [66] used tropospheric monitoring instrument (TROPOMI) and 

environmental trace gases monitoring instrument (EMI) to evaluate the changes in NO2 in both 

Ukrainian and Russian marginal territories from January to July. Zalakeviciute, Mejia [67] studied 

the air pollution evolution of Ukraine during the first weeks of the war using satellite imagery 

coupled with land measurement data. They developed maps for several pollutants namely, NO2, 

CO, SO2, O3, and PM2.5, and calculated quantitative increments and reductions in each one. 

Notwithstanding the valuable outcomes of these studies, each suffered from limitations. For 

example, Zhang, Hu [66] focused only on NOx pollutant, and the findings of Zalakeviciute, Mejia 

[67] is concerned with the initial weeks of the war. Hence, this thesis is dedicated to conducting 

proper AQM over the war-affected Ukraine with a focus on bridging previous gaps of knowledge.  

Utilizing state-of-the-art technologies, it is tried to keep the AQM updated with the latest 

developments. Hereupon, the thesis is conducted in two major phases: 

(i) Phase 1 uses satellite imagery and statistical analysis to focus on AQM over the year 2022 

and compares it with previous years in order to detect noticeable changes in the emission 

of well-known air pollution indicators. 

(ii)  Phase 2 presents a hybrid artificial intelligence technique to predict air pollution using 

various data sources and yields a mathematical explicit formula for convenient applications.  
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Besides revealing the unpleasant effects of the current crisis on air quality to the world, the findings 

of this project might be of interest to the Ukrainian authorities and decision-makers to take 

appropriate measures in tackling air quality issues, especially in war-affected regions. It also may 

shed light on future public health studies that deal with the long-terms effects of toxic air pollution. 

 

1.4 Structure of Thesis 

Following the introduction, the rest of the thesis is structured as follows: Section 2 introduces the 

study area and its characteristics, as well as the details of the Russia-Ukraine crisis. Thereafter, two 

major phases are explained each of which contains specific material and methods followed by the 

corresponding results and discussion. The last section is the conclusion which reflects the main 

findings of this research. 

 

 

2. STUDY AREA AND EVENT 

 

2.1 Study Area 

Lied within the longitude 22  12' to 40  07' E and latitude 44  25' to 52  11' N, the independent 

republic of Ukraine is the second largest country in Europe (about 6% of the European 

subcontinent). Figure 2 shows the relative location of this country. Considering the neighbors, 

Ukraine shares boundaries with Russia in the east, Russia and Belarus in the north, Poland in the 

west, and Moldav and Romania in the south. 
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Figure 2: The location of Ukraine and its neighbors 

 

Regarding the climatological characteristics of Ukraine, the temperate climate is dominant. 

According to meteorological statistics averaged for [1991-2020], the minimum and maximum 

monthly temperature is -3.35 C and 21.46 C in January and July, respectively. Likewise, the 

monthly precipitation ranges from 35.43 mm and 67.17 mm in February and June, respectively 

[68]. It is worth mentioning that approximately 16% of the total land is covered by forests with an 

uneven distribution [69]. 

The area is roughly 603,550 km² which makes Ukraine the 45th largest country in the world. 

According to online resources, the population in 2021 has been reported 43,792,855, and two-thirds 

of them are residents of urban areas [70]. The war has forced more than 10 million Ukrainian 

people to leave their homes, out of them, nearly 5 million have left Ukraine [71]. 

 

2.2 War Event 

Rooted in the past political tensions between the two countries, the 2022 Ukraine-Russia war 

started with some conflict warnings. Following the declaration of "special military operations" on 

February 21 by Russia, tensions increased, and eventually, on February 24, Russia launched a 

large-scale invasion toward Ukrainian territories comprising missile and artillery attacks [72].  

Numerous attacks and counterattacks by both sides involved bombing and shelling in major cities 

have led to considerable damage and destruction to infrastructures. According to Statista [73], the 

number of civilian casualties until January 29, 2023, exceeds 7000 deaths and 11000 injuries. As 

for military fatalities, BBC [74] reflected the US estimates accounting for 200,000 military 

casualties on all sides. Apart from the evident loss of lives and physical damage to infrastructure 

and vital supplies, this war brings massive shrinkage for Ukraineôs economy (predicted up to 45% 

by World Bank [75]). 

Online resources such as the institute for the study of war (ISW) [76] provide well-updated 

interactive maps regarding occupied territories and the advances of Russian and Ukrainian forces. 

Until January 20, 2023, the number of total conflict events exceeds 35000. As shown in Figure 3, 

this number comprises battles, explosions and remote violence, riots, and violence against civilians 

[77]. 
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Figure 3: A view of the ISW interactive map illustrating conflict types and their intensity [77]. 

 

Employing heavy military equipment in this war has resulted in evident causes of air pollution. 

Besides the fires and explosions, the movements of military equipment and troops need to be 

regarded [36]. In the current crisis, a large number of heavy military equipment are being used by 

both sides [78-80]. In particular, they consist of ground vehicles (e.g., tanks and armored vehicles), 

aircraft (e.g., bombers), and heavy artillery [81]. 

 

 

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

 

As explained earlier, the first phase of this study is concerned with satellite-based AQM. For this 

purpose, the concentrations of air pollutants during the war are compared to past records in order 

to monitor the changes. These illustrative assessments are further accompanied by quantitative 

statistical evaluations.  

This section is composed of two sub-sections describing, first, the materials and methods used for 

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

 

3.1 Materials and Methods 

3.1.1 Sentinel-5P  

Launched on 13 October 2017, Sentinel-5P is the first Copernicus mission dedicated to AQM. This 

mission belongs to the European Unionôs Copernicus Earth program. The satellite is capable of 
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addressing the geographic distribution of pollutants, owing to the data collection at high altitudes 

(i.e., 824 km from the earth) [82]. Sentinel-5P flies in a Sun-synchronous orbit and its local 

overpass time is 13:30. TROPOMI is the single instrument carried by Sentinel-5P. With a 2600 km 

wide swath, TROPOMI presents a near-daily global coverage to collect daily data from the 

atmosphere of the Earth in several bands including UV, UVIS, NIR, and SWNIR [11, 13]. The 

spatial resolutions, in the beginning, were approximately 3.5 × 7 km2 for the UV and visible bands, 

and 7 × 7 km2 for the SWNIR. After improvements carried out on August 2019, these resolutions 

reached 3.5 × 5.5 km2 and 7 × 5.5 km2, respectively [32]. Three processing types are considered 

for Sentinel-5P data: (i) near real-time (NIR), (ii) offline (OFFL), (iii) and reprocessing. Preparing 

the data of OFFL and reprocessing types takes a long time (i.e., between 12 hours and 5 days after 

sensing), while the data of NRT is ready within 3 hours after sensing [83]. Further details regarding 

the Sentinel-5P mission are available on the ESA website [84]. 

The observations of Sentinel-5P are available mainly through Copernicus Open Access Hub [85] 

which guides to Sentinel-5P Pre-Operations Data Hub [86]. However, there are some other portals 

such as Sentinel Hub EO Browser [87] and Earth Engine Apps TROPOMI Explorer [88] that 

provide different formats of this data. 

 

3.1.2 Data Acquisition Using Google Earth Engine 

In order to acquire data for this project, the google earth engine (GEE) is used to extract Sentinel-

5P image collections and map the results. As a well-known cloud computing platform, Google 

launched the GEE in 2010 [89]. By providing cloud computation, this tool has shown high efficacy 

in dealing with various geospatial problems with big data analysis. An advantage of the GEE in 

comparison with similar cloud-based platforms is supporting a wider range of geospatial data such 

as early Landsat, MODIS, and Sentinel missions. Giving free access to the users is another notable 

merit of this platform, especially for researchers in less developed countries [90].  

The users of the GEE can find publicly downloadable earth observation data on large scales (i.e., 

petabytes) stored in big repositories of raw remotely sensed images which also contain 

preprocessed, cloud-removed, and mosaicked imagery [91]. Thanks to sophisticated algorithms 

and packages (e.g., image processing, ML, chart developers, etc.), both expert and non-expert users 

are enabled to analyze geographic data. These properties altogether have made the GEE the most 

popular cloud computing platform in earth system science [90]. So far, the GEE has assisted 

engineers to analyze environmental data related to changes in climate [92], forest [93], urbanization 

[94], land use [95], air quality [96], etc. This is worth noting that by utilizing the timelapse tool, 

one is capable of monitoring and tracking environmental changes, even in the past few decades. 
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Leveraging Googleôs computational infrastructure, the GEE enables the user to carry out time-

efficient parallel data processing. As far as the working environment is concerned, a user-friendly 

code editor, i.e., a web-based Integrated Development Environment (IDE), is designed for writing 

and implementing complex scripts using JavaScript API [97]. Also, the explorer is a 

straightforward web app interactor for performing simple tasks such as exploring data catalog and 

visualization. Figure 4 illustrates the GEE environment that is used in this research. 

 

 

Figure 4: A view of the GEE tool in 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. The concentration of pollutants during 2022 represents the war-affected records, 

while similar records belonging to 2019 and 2021 are deemed as business-as-usual (BAU) data. 

Not surprisingly, the reason for dropping 2020 data is the lockdown measures considered for the 

COVID-19 pandemic in that year (the Ukraine government fixed sanitary emergency as of 20 

March 2020) [67]. Due to the residual pandemic restriction in 2021, however, alleviated with 

respect to 2020, the records of 2019 represent the most BAU condition in this study. 

For each month of 2022, daily records of an air pollutant are averaged, and a monthly map is 

accordingly generated for the whole country. This map is then compared with the corresponding 

maps pertaining to 2019 and 2021 to visualize the differences. Apart from month-to-month 

comparison, the yearly trends of increments and reductions are compared. Since a single value 

cannot well represent air pollution in a large country like Ukraine, the concentrations are 

quantitively reported and assessed for five major cities, namely Kiev, Kharkiv, Donetsk, Kherson, 
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and Lviv . The location and coordinates of these cities are presented in Figure 5 and Table 1. As is 

shown, the first four sites are on 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 allows for underlining the 

effect of geographical locations on the pollution potential of a place. 

 

 

Figure 5: The location of the selected cities 

 
Table 1: Geographical description of the selected 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 composition of pollutants in the outdoor air determine the severity of their 

adverse health effects [98]. Among several pollutants in cities' outdoor air, O3, SO2, carbon 

monoxide (CO), and nitrogen oxides (NOx) are among the most significant ones [99].  

As explained in earlier sections, Sentinel-5P senses the concentration of six air pollutants, namely 

SO2, CO, NO2, O3, CH4, and HCHO. Descriptive details regarding these parameters can be found 

in Earth Engine Data Catalog-Sentinel-5P [100].  

For the case of this research, initially, it was first anticipated to evaluate all six parameters, but due 

to data collection issues encountered for the SO2 and CH4, the observations are limited to O3, NO2, 

HCHO, and CO. The mentioned issues can be described as (i) significant data gaps and (ii) the 

1 2 

3 

4 

5 
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presence of negative concentration values (i.e., negative vertical column densities). According to 

the Mission Status Reports [101], the gaps were due to acquisition faults or satellite/instrument 

disruption, while negative values of SO2 and CH4 were due to noise on the data and reflectance 

problems. Detailed status of the Sentinel-5P mission including a list of the major data gaps is 

presented by ESA [101]. Furthermore, complementary information for each pollutant can be found 

in TROPOMI Mission Performance Centre [102]. 

In the following, the used pollutants are described. 

 

3.1.4.1 O3 

Existing in both troposphere and stratosphere layers, O3 is one of the most predominant pollutants. 

Tropospheric O3 (a.k.a. ground-level O3) is a phytotoxic1 pollutant that is basically generated from 

photochemical reactions [103]. These reactions involve volatile organic compounds (VOCs) and 

NOx. For instance, CH4 is known as the primary anthropogenic VOC for the production of O3 in 

the global troposphere. However, particularly in polluted areas, nonmethane VOCs play a greater 

role in the formation of O3 [104]. The uncontrolled increment of O3 can increase morbidity and 

mortality in humans. Promoting problems in the respiratory and cardiovascular system (as short-

term effects) and respiratory mortality and asthmatics problems (as long-term effects) are examples 

of these consequences [105]. 

 

3.1.4.2 NO2 

As a major trace gas, NO2 is the product of various anthropogenic activities. Based on the report 

from European Environment Agency [106], motor vehicle exhaust fumes are the source of above 

60% of NO2 in European cities. Other sources of this pollutant are industrial and manufacturing 

activities (e.g., oil refinement and electricity generation) and natural causes (e.g., microbiological 

activities in soils and wildfire). Apart from the respiratory issues in the case of NO2 inhalation, its 

interaction with the atmospheric components results in detrimental phenomena such as acid rain 

[3]. 

 

3.1.4.3 HCHO 

Characterized by high flammability, colorlessness, and a sharp odor, HCHO is a carcinogen gas 

that can highly compromise human health [107, 108]. It plays an intermediate role in almost every 

oxidation chain of non-methane volatile organic compounds (NMVOCs). A property of this gas is 

 
1 Phytotoxicity refers to adverse impacts on plant growth, physiology, or metabolism caused by chemical substances 
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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 of CH4 is considered a primary source of this gas in the remote atmosphere, 

while on a global scale, it is produced by wildfire and vegetation. As for the anthropogenic origins, 

traffic and petrochemical industries (e.g., producing fertilizers) can be mentioned [3]. 

 

3.1.4.4 CO 

CO is a poisonous gas without any color, taste, and odor which is produced in incomplete 

combustions. A significant role of this pollutant is increasing the lifetime of other greenhouse gases 

such as CH4 and tropospheric O3. Likewise, the combined action of other pollutants is enhanced in 

places with elevated concentrations of CO. Natural causes (e.g., decomposition of vegetation and 

animals, volcanic eruptions, and forest fires) and human activities (e.g., fossil fuel consumption, 

tobacco smoke, and waste incineration) account for nearly 40% and 60% of the CO generation, 

respectively [109]. This gas causes, in general, toxic effects on the organs of tissues that are 

characterized by high oxygen consumption suchlike the heart and brain. Also, it particularly incurs 

damage to pregnant women and their developing fetuses [110]. 

 

3.1.4.5 Data Configuration  

Data products of Sentinel-5P can be classified into three levels, namely (i) Level-0, (ii) Level-1B, 

and (iii) Level-2. Omitting Level-0 which contains instrument source packets and is not accessible 

to end-users, Level-1B represents geo-located and radiometrically corrected top-of-atmosphere 

radiances which include radiance products, calibration products, and engineering products. Level-

2 data is produced by processing Level-1B data and forms the material of this research. 

Level-1B and Level-2 products can be downloaded from Sentinel-5P Pre-operations Data Hub 

[111]. However, in the current project, Sentinel-5P satellite images that reveal the concentration of 

O3, NO2, HCHO, and CO over Ukraine are acquired and processed using the GEE. With reference 

to Earth Engine Data Catalog - Sentinel-5P [112], Table 2 collects the characteristics of the 

pollutants (i.e., the unit of measurement, relevant image collection, used band name, and band 

name description). 
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Table 2: Characteristics of the considered pollutants in Earth Engine Data 

Pollutant Unit Image Collection Band Name Band Name Description 

O3 µmol m-2 COPERNICUS/S5P/OFFL/L3_O3 O3_column_number_density 
Total atmospheric column of O3 between the surface and the 

top of atmosphere, calculated with the GODfit algorithm [113] 

NO2 µmol m-2 COPERNICUS/S5P/OFFL/L3_NO2 NO2_column_number_density 
Total vertical column of NO2 (ratio of the slant column density 

of NO2 and the total air mass factor 

HCHO µmol m-2 COPERNICUS/S5P/OFFL/L3_HCHO tropospheric_HCHO_column_number_density Tropospheric HCHO column number density 

CO µmol m-2 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 pollutant, the below steps are taken in the GEE environment: 

(i) Introducing Ukraine as the area of interest (AOI); 

(ii)  Introducing Kiev, Kharkiv, Donetsk, Kherson, and Lviv  as sample points by importing their 

coordinates; 

(iii)  Calling the image collection of the intended pollutant from Sentinel-5P offline records (see 

Table 2); 

(iv) Filtering the image collection for (a) the intended band (see Table 2) 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 presents and discusses the results of Phase 1. The monthly concentration of the 

selected four pollutants (i.e., O3, NO2, HCHO, and CO) is evaluated in Ukraine, particularly 

recorded for five cities (i.e., Kiev, Kharkiv, Donetsk, Kherson, and Lviv), in 2022 versus BAU 

years (i.e., 2019 and 2021). The results are statistically analyzed to highlight the changes as the 

effects of the ongoing conflict. Moreover, utilizing another type of Sentinel-5P data, the changes 

in the concentration of the mentioned pollutants are elaborated with a focus on the initial days of 

the war. 

 

3.2.1 Pollution Observations 

The results of this section comprise three items: (i) the concentration maps of the intended pollutant 

are depicted for 2022 and BAU years, (ii ) the annual trends are shown in the form of diagrams (line 

charts and box plots), and (iii) a correlation assessment using Pearson correlation coefficient (RP) 

to address the compatibility between the trends of the three years. 

 

3.2.1.1 O3  

Figure 6 shows the results related to the O3 concentration. At a glance, it can be seen that there are 

significant differences between the O3 concentration, especially for the first six months of each 

year. Concerning the pre-war time, 2021 began with a much clearer air, compared to 2019 and 

2022. As for February, central and western Ukraine have been more polluted in 2022. Taking 

March as another instance, the southern and northern parts of the country are illustrated with light 

green and yellow in 2019, while it is almost vice versa in 2022. As for 2021, the map indicates a 
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considerably higher concentration of this pollutant all over the country. Similar examples can be 

Jun and September, for which, the concentration of O3 in 2022 is tangibly higher than BAU years. 

 

 

(a) 
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(b) 
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(c) 

Figure 6: The concentration of O3 in (a) 2019, (b) 2021, and (c) 2022 

 

Figure 7 depicts annual trends of the O3 concentration along with the corresponding box plots for 

five selected sites. Based on these charts, it can be said that for all cities, the O3 concentration peaks 

in spring (mostly March), and thereafter it follows a downward trend until November and rises 

again at the end of the year. This remark is consistent with the maps in Figure 6.  

Although the general trend is the same for 2022 and BAU years, there are some minor distinctions. 

For instance, at the beginning of each chart, the line of 2021 climbs more steeply than the two 

others. Also, in the last month, the line 2022 represents a gentler inclination. Another appreciable 

deduction is that in most cases from May to September, the concentrations of O3 pertaining to 2022 

have been above BAU years. 
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(i) 

 

(j) 

Figure 7: Annual trends and box plots of the O3 concentration in (a and b) Kiev, (c and d) Kharkiv, (e and f) Donetsk, (g and h) 

Kherson, and (i and j) Lviv 

 

Table 3 expresses the results of the correlation analysis between the considered years. High RP 

values for the five cities across Ukraine indicate the compatibility between the behavior of all three 

years, as previously inferred from Figure 6 and Figure 7.  

 

Table 3: Yearly correlation results (RP) of O3 for the considered cities 

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 NO2  

Figure 8 illustrates the maps of the NO2 concentration. Unlike the O3 behavior, the differences in 

January, February, and December maps are the most prominent. In January 2019 and 2021, a large 

amount of NO2 was observed in the central parts and capital (i.e., Kiev), while it has been 

considerably reduced in 2022. A similar observation exists for February 2021 versus 2019 and 

2022. Also, the map of November 2022 addresses some increments of the NO2 emission, especially 

in western Ukraine. As for December, 2019 had a much clearer sky, particularly in western parts. 
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(b) 
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(c) 

Figure 8: The concentration of NO2 in (a) 2019, (b) 2021, and (c) 2022 

 

Referring to Figure 9 which compares the annual trends of the NO2 concentration in five selected 

sites, there is an ample difference between the middle and extreme parts of all charts. From March 

to October, steadier behavior is evident compared to the beginning and final months. This inference 

can be obtained also from the box plots wherein the extreme values are shown by outlier points 

and it is in agreement with the explanations of Figure 8. For these less turbulent times in Kiev and 

Kharkiv, the NO2 concentration in 2022 is lower than BAU time, while the lines are very close and 

twisted for three other cities. 
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(i) 

 

(j) 

Figure 9: Annual trends and box plots of the NO2 concentration in (a and b) Kiev, (c and d) Kharkiv, (e and f) Donetsk, (g and 

h) Kherson, and (i and j) Lviv  

 

Based on Table 4 which presents the correlation results, there are very low values of RP and also 

two negative values that demonstrate meaningful variations of the NO2 concentration when moving 

from 2019 and 2021 to 2022. For instance, RP equals 0.03 for Lviv when comparing 2019 and 2022 

records, implying the effect of war on the air quality of this area in terms of NO2 concentration. On 

the contrary for Kharkiv, Donetsk, and Kherson, the RP values in the two first columns are of a 

higher magnitude which means the annual trend of the NO2 concentration in 2022 was not much 

different from BAU years. 

 

Table 4: Yearly correlation results (RP) of NO2 for the considered cities 

Place 2019 & 2022 2021 & 2022 2019 & 2021 

Kiev -0.37 0.33 0.34 

Kharkiv 0.68 0.60 0.05 

Donetsk 0.74 0.48 0.48 

Kherson 0.50 0.57 0.07 

Lviv 0.03 0.67 -0.29 

 

3.2.1.3 HCHO 

It was explained that observations acquired for the CH4 and SO2 contained a large number of 

negative values. A few negative values also existed in the HCHO records, which were eliminated 

for all statistical analyses in the first place. Likewise, there were missing records for this pollutant, 

especially for the initial and final months of all years. These issues explain the inconsistencies in 

the maps and charts related to the HCHO. 

Figure 10 shows the monthly concentrations of HCHO. According to this figure, and by bounding 

the assessment to months with complete records, the most remarkable distinction can be found 

from June to September. Having August as an example, southern and eastern parts of Ukraine have 
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witnessed higher pollution in 2022 compared to previous years. Similarly, the HCHO emission in 

western Ukraine in July has increased in 2022. 

 

 

(a) 
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(c) 

Figure 10: The concentration of HCHO in (a) 2019, (b) 2021, and (c) 2022 

 

Figure 11 shows and compares the annual trends of the HCHO concentration in five selected sites 

besides the box plots. As is seen, there are lots of fluctuations in the left charts, and also, due to the 

lack of few records, it is hard to deduce a general meaningful trend from them. However, in 

accordance with the above explanations, it is possible to identify some peak points in August and 

September for Kharkiv, Donetsk, and Kherson. 
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(i) 

 

(j) 

Figure 11: Annual trends and box plots of the HCHO concentration in (a and b) Kiev, (c and d) Kharkiv, (e and f) Donetsk, (g 

and h) Kherson, and (i and j) Lviv 

 

As is denoted in Table 5, RP values are mostly ununiform for each city and each pair of years. 

However, the results support previous deductions such as the adverse correlation of 2019 and 2022 

trends in Lviv. From a more general point of view, concerning the comparison of 2022 with BAU 

years, the variation of RP in the second column is less than in the first column. Given that 2021 was 

affected by the COVID-19 lockdown, it can be said that evident changes occurred in the air quality 

in terms of HCHO when 2022 is evaluated versus 2019. 

 

Table 5: Yearly correlation results (RP) of HCHO for 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 

 

3.2.1.4 CO  

Similar to the O3 and NO2, the entire CO records are functional for this research. The maps of the 

CO concentration are exhibited in Figure 12. Major differences can be detected for the first four 

months of each year, as well as August, and to some extent September. In contrast, the CO-based 

pollution of the last three months is roughly similar. 
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(b) 
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(c) 

Figure 12: The concentration of CO in (a) 2019, (b) 2021, and (c) 2022 

 

The annual trends of the CO concentration in five selected cities and their box plots are shown in 

Figure 13. Since the records of 2022 are below BAU years almost in all cases, it can be derived 

that the war has reduced the CO emission level throughout Ukraine. These charts also exhibit a 

considerably higher CO concentration in August 2021. 
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(i) 

 

(j) 

Figure 13: Annual trends and box plots of the CO concentration in (a and b) Kiev, (c and d) Kharkiv, (e and f) Donetsk, (g and 

h) Kherson, and (i and j) Lviv 

 

Referring to the RP values given in Table 6, there is a large harmony between the CO emission in 

2022 and 2019 for the whole Ukraine. Moreover, lower magnitudes of RP for 2021 against both 

2022 and 2019 indicate a more different emission pattern for this year. 

 

Table 6: Yearly correlation results (RP) of CO for 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 section points out the changes in air quality during the initial days of the Russia-Ukraine crisis. 

Needless to say, declaring an exceptional situation such as war affects many usual patterns of 

anthropogenic activities including human circulation and industrial processes. Hence, the emission 

of O3, NO2, HCHO, and CO is monitored from late February-early March. The data of this section 

are obtained from Earth Engine Apps TROPOMI Explorer [88] as it provides air quality records in 

the form of line charts which are suitable for comparison purposes. Figure 14 shows a view of this 

portal. 
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Figure 14: A view of the TROPOMI Explorer webpage [114] 

 

Imposing Ukraine as the AOI, a chart is created for each pollutant using the 9-day mean 

concentrations. Hereupon, the considered period is February 24 - March 05. Figure 15 depicts the 

obtained charts wherein the intended period for 2019, 2021, and 2022 is elucidated with black 

vertical lines and the concentration of each pollutant is determined where this line crosses the chart 

line. Nevertheless, the observation of 2022 is stretched all over the chart to better compare it with 

BAU measurements. 
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(a) (Ordinate: O3 total atmospheric column) 

 

(b) (Ordinate: NO2 tropospheric vertical column) 

 

(c) (Ordinate: HCHO tropospheric column) 
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(d) (Ordinate: CO vertically integrated column) 

Figure 15: Changes in the pollutant emissions (a) O3, (b) NO2, (c) HCHO, and (d) CO in the first week of the war 

 

For the case of O3, NO2, and CO, the emissions in 2021 are above 2022, while the emission of 

HCHO is slightly lower. As for 2019, the concentration of NO2 and CO surpasses 2022, while O3 

has a smaller record and HCHO is more or less of the same concentration. Hence, it can be said 

that the extreme conditions resulted in lessening the concentration of CO and NO2 in the initial 

days of the war. It is also worth noting that the HCHO and O3 emissions have experienced the 

lowest and largest changes with respect to BAU years, respectively. 

A previous study that investigated the same subject, but for the first two weeks of the war (i.e., 

February 22 - March 8, 2019-2022) was conducted by Zalakeviciute, Mejia [67]. Referring to Table 

1 of the cited article, it can be found that their results corroborate what was shown in Figure 15-(b) 

and (d). However, it is not held for O3, which could be due to the difference between the examined 

timespans (Figure 15 is plotted for February 24 - March 05). 

 

3.2.3 Statistical Analysis and Discussion 

Focusing on the results presented in Section 3.2.1, for each city, the annual average concentrations 

of the O3, NO2, HCHO, and CO pollutants in 2022 and BAU years are calculated and compared to 

highlight the changes. The results are given in Table 7. According to this table, each pollutant 

shows a different behavior based on the location and considered period of assessment.  
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Table 7: Analysis of pollutant concentrations and changes 

Type Area 

O3 
 

NO2 
 

HCHO 
 

CO 

2019 2021 2022 
 

2019 2021 2022 
 

2019 2021 2022 
 

2019 2021 2022 

Annual 
Averages 

(µmol/m2) 

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 

Kharkiv 148169.70 149502.14 152537.40  97.47 109.78 95.43  124.19 97.19 82.67  34025.06 36198.13 31923.14 

Donetsk 147557.95 148231.80 151238.92  106.73 113.10 99.49  110.45 92.31 101.07  33758.81 35990.87 31589.78 

Kherson 148255.17 149691.53 151919.19  76.13 76.13 72.35  104.30 100.58 89.02  33863.69 36333.37 32411.45 

Lviv 147215.15 149849.13 151365.59  87.09 105.11 90.47  92.09 78.32 109.57  32808.89 34956.88 30871.74 

     
 

   
 

   
 

   

Changes of 

2022 WRT 

2019 and 2021  

Kiev +2.78 +1.63 -  -10.56 -24.73 -  -23.48 -10.81 -  -6.83 -13.07 - 

Kharkiv +2.95 +2.03 -  -2.09 -13.07 -  -33.44 -14.95 -  -6.18 -11.81 - 

Donetsk +2.49 +2.03 -  -6.78 -12.03 -  -8.50 +9.49 -  -6.43 -12.23 - 

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 Changes 2.70 1.64   5.66 13.75   19.81 17.33   5.92 11.92  
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The concentrations of O3 all over Ukraine experienced similar increments (i.e., between 1% and 

3%). It is also immediate that 2019 has been less polluted compared to 2021 in terms of O3. This 

incremental behavior disaccords the subtractive pattern of the other three pollutants (excluding 

Lviv in terms of NO2 and HCHO). Confirming these results, previous studies have revealed the 

increase of O3 during exceptional events on both global and local scales (e.g., during a pandemic 

and political protests) [67]. The reason can be sought in the fact that the presence of this pollutant 

is a function of meteorological variables and precursors (e.g., NOx and VOCs), and even in similar 

anthropogenic situations, the O3 concentration can vary due to seasonal meteorological changes 

[115]. 

 Satellite measurements of the NO2 concentration are well-accepted proxies to address rapid 

changes in emissions from anthropogenic activities [116]. Setting Lviv aside, all other cities have 

reported significant reductions (up to about 25%) in NO2 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, the observed reduction can attribute to diminished human 

activities. These results are well correlated with previous studies such as Zhang, Hu [66] who 

reported between 10.7% and 27.3% reduction in the NO2 concentration in most Ukrainian cities. 

Taking another look at Figure 8 and Figure 9 reveals NO2 spikes in eastern Ukraine (February 2022 

around Kharkiv) that can attribute to multiple martial operations (e.g., combustions and explosions) 

on the war front (see Figure 3). A distinguished difference for 2022 vs. 2019 can be seen for Lviv 

which is characterized by 3.88% increase in the NO2 concentration. As shown in Figure 5, Lviv 

lies 550 km west of the capital, which is not as, neither involved with the war nor industrialized, 

as the eastern part. Moreover, the values for 2022 vs. 2021 indicate a considerably larger difference 

compared to 2022 vs. 2019, meaning that 2021 has been the most polluted year. A potential reason 

for that could be the retrieval of anthropogenic activities after removing sanitary emergencies that 

were established in 2020. Another appreciable point is the higher variations of NO2 in Kiev (i.e., -

10.56% and -24.73%) compared to other cities. In addition to the reduced industrial functionality, 

the major decline in the population of this city can explain the alleviation of urban human 

circulation, and consequently, NO2 emissions. The proportional relationship between NO2 

emission and population statistics has been well-professed before [117]. According to Leasure, 

Kashyap [118], only the initial evacuations that took place between February 24 and March 14 

decline the population of Kiev by around two-thirds. Similarly, above 943000 people left the 

Kharkivska Oblast. 

Analyzing the HCHO results denotes that, first, this pollutant changed the most among the 

considered gaseous pollutants. According to Popov, Iatsyshyn [4], the excessive concentration of 
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HCHO in Kiev (4.3 times more than the maximum permissible daily average) has been an issue 

since the past. Second, 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 Lviv (i.e., +18.98% 

for 2022 vs. 2019 and +39.90% for 2022 vs. 2021) along with Donetsk (+9.49% for 2022 vs. 2021). 

The most tangible changes for this pollutant are demonstrated in Kharkiv and Lviv having -33.44% 

and +39.90%, respectively. Earlier, non-natural origins of the HCHO emissions were explained as 

traffic and petrochemical industries, whose essential decline due to population displacement and 

industrial degradations can justify the significant reduction of the HCHO emission. 

Based on the CO values, it can be derived that the war has caused widespread reductions of this 

pollutant. Similar to O3, the changes in CO have been more or less gentle when comparing the five 

cities (i.e., between 4% and 7% for 2022 vs. 2019 and between 10% and 14% for 2022 vs. 2021). 

However, analogous to NO2, Kiev is affected the most. Larger reductions that are calculated for 

2022 vs. 2021 infer the highest concentration of CO in 2021. On the other hand, 2022 records 

indicate the lowest emissions which are expected by virtue of the war causing people evacuations 

and industrial degradations. As explained earlier, human activities such as fossil fuel consumption 

and waste incineration are responsible for around 60% of CO emissions. The considerable decline 

in the CO concentration during exceptional events has been also observed in previous studies (e.g., 

in Milan, Italy [119] and São Paulo, Brazil [120]) that investigated the effects of COVID-19 

lockdowns [121]. 

At the end, another statistical analysis called t-test is carried out to demonstrate whether the changes 

in the air quality of Ukraine are statistically significant. The pivotal outcome of the t-test is p-value 

that when it is below 0.05 confirms a significant difference between the compared pairs [122]. For 

each pollutant and in each city, two comparisons are implemented, one for 2019 vs. 2022 and 

another for 2021 vs. 2022. The results are presented in Table 8. 

 

Table 8: T-test results (p-values) for comparing the pollutant concentrations in 2022 vs BAU years 

Area 

O3 NO2 HCHO CO 

2019 vs. 

2022 

2021 vs. 

2022 

2019 vs. 

2022 

2021 vs. 

2022 

2019 vs. 

2022 

2021 vs. 

2022 

2019 vs. 

2022 

2021 vs. 

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 table, there are various levels of significance for each pollutant. For instance, the 

O3 records of 2019 vs. 2022 are significantly different because their p-values (with a small 

tolerance for Kiev) are below 0.05, while those calculated for 2021 vs. 2022 were higher than this 

threshold. In accordance with these results, Table 7 earlier reported a higher difference between 

2019 vs. 2022 compared to 2021 vs. 2022. On the contrary, the p-values corresponding to NO2 for 

2021 vs. 2022 are less than 0.05 which indicate a statistically significant difference, while those 

calculated for 2019 vs. 2022 are considerably higher. Likewise, it was expected based on what 

presented in Table 7 in this regard. About the HCHO, only two p-values below 0.05 were obtained 

for Kharkiv in 2019 vs. 2022 and Lviv in 2021 vs. 2022 which respectively correspond to major 

changes -33.44% and +39.90 in Table 7. The smallest p-values were obtained for the CO (all p-

values below 0.05) which infer the dynamics impacts of the war on this pollutant. From a 

comparative point of view, the CO results, too, can support the outcomes of Table 7, meaning, the 

lower the p-value is, the bigger the change was. 

 

3.2.4 Further Discussion 

Having a conclusive overview of the results suggests that this phase of the project could conduct 

proper AQM over Ukraine regarding the ongoing war crisis with Russia. Analyzing the emission 

of four gaseous pollutants including O3, NO2, HCHO, and CO based on Sentinel-5P data revealed 

both consistent and heterogeneous changes in the pattern of these pollutants in different parts of 

the country. Nevertheless, the findings altogether demonstrated the evident impact of the war on 

air pollution.  

Generally speaking, there are key barriers to the way of proper acquisition, processing, and 

interpretation of observational data. In this sense, technical skills (e.g., coding in specific 

programming languages, statistical interpretations, etc.) are necessary for the data end-users [8]. 

Going deeper into the AQM using Sentinel-5P, it can be a problematic task due to issues such as a 

small number of daily observations and rapid diffusion of gaseous pollutants in the atmosphere 

[82]. With these issues in mind (e.g., data quality and completeness), the results may be subjected 

to uncertainties  [45]. As observed in this phase, inconsistent records of the CH4, and SO2 led to 

their removal from assessments. Besides, the HCHO observations can be argued as far as the 

quality (e.g., negative concentrations) and completeness are concerned.  

Although this phase was associated with the above limitations in the used data, it provided notable 

improvements. So far, and to the best knowledge of the author, the only studies that particularly 

dealt with the same subject are carried out by Zhang, Hu [66] and Zalakeviciute, Mejia [67]. Along 

with the valuable findings, these works had weaknesses, too. For instance, Zhang, Hu [66] 



44 

 

investigated the effect of NO2 only, and Zalakeviciute, Mejia [67], despite using a good dataset, 

bounded their research to the initial days of the war. In addition, they employed an averaged single 

observation to represent the whole of Ukraine and focused only on Kiev for more particular 

analyses. Hence, in this phase, it was also tried to cope with the shortcomings of previous literature 

toward creating a more comprehensive AQM to better manage the war-induced air quality issues 

in Ukraine.  

 

 

4. PHASE 2: AIR QUALITY PREDICTION USING MACHINE 

LEARNING 

 

After the AQM presented in the first part of the thesis, Phase 2 addresses the application of ML 

techniques for predicting air pollution during the war. For this purpose, a reliable dataset is 

provided and exposed to well-known ML models in order to predict the concentration of particulate 

matter 2.5 (PM2.5). PM2.5 signifies the fraction of aerosol particles having an aerodynamic diameter 

less than 2.5 ɛm [123]. These fine inhalable particles are mainly generated by domestic fuel 

combustion and urban traffic and can cause respiratory and cardiovascular health issues [124]. 

Therefore, having a dependable estimation of its exposure can be of great importance, especially 

in vital situations such as military conflicts. 

Due to the obligation of using ground measurements for acquiring PM2.5 records, air quality 

prediction in this section is carried out only for the capital city, i.e., Kiev. This matter is explained 

more clearly in the relevant section.  

Similar to Phase 1, first the materials and methods are described. Next, the results are exhibited 

and associated with relevant discussion.  

 

4.1 Materials and Methods 

This section is overall concerned with three major parts. First, the used data is explained in terms 

of acquisition and preprocessing. Second, the methodology of the applied algorithms is explained. 

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

 

4.1.1 Data Provision and Analysis 

4.1.1.1 Parameter Selection 
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Preparing a reliable dataset is a prerequisite for executing an ML model. The dataset consists of 

sufficient homogeneous records of parameters that are divided into two categories: (i) one (or more) 

parameter(s) that is planned to be predicted called target parameter(s), and (ii) some factors that 

logically influence the target parameter called input factors.  

In this study, the PM2.5 concentration plays the role of a target parameter. Input factors, however, 

are composed of three major groups, namely meteorological factors, atmospheric factors, and 

temporal factors. The ML model explores the relationship between the target parameter and input 

factors i.e., the dependency of the PM2.5 concentration on input factors. The model herewith learns 

how the target is changed with the variation of inputs, and it will be ready to predict the PM2.5 

concentration for new conditions. 

Regarding the input factors, they are carefully selected with reference to previous studies [45, 46, 

53, 125]. The selected parameters are classified as follows: 

(i) Meteorological factors: the critical influence of meteorological conditions on air pollution 

is evident. Seven factors including humidity (H), temperature (T), dew point (DP), wind 

speed (WSp), wind direction (WD), solar irradiance (SI), and sea level pressure (SLP) are 

selected. 

(ii)  Atmospheric factors: these factors include the concentration of O3, NO2, and CO. Note that, 

due to the inconsistencies of the HCHO records, and also the presence of negative values, 

this factor was omitted in this phase. 

(iii)  Temporal factors: by having temporal factors, the model is able to establish a connection 

between time and pollution. Since daily pollution is predicted here, the day number (DN) 

is chosen to represent temporal dependency.  

 

4.1.1.2 Sources 

Three different sources are used to build the dataset. These sources are described as follows: 

(i) PurpleAir website: daily concentrations of PM2.5, as well as the corresponding H, T, DP, 

and SLP, are taken from the freely available records through the PurpleAir portal [126]. As 

Figure 16 illustrates, for Ukraine, there is a total of four registered ground stations near 

Kiev. Out of these stations, the records of both Hlepcha and Shepeleva sensors were 

suitable for this work, but due to the proximity of Shepeleva station (Longitude = 

30.432216 and Latitude = 50.420316) to the central Kiev, the required PM2.5 concentrations 

and meteorological data are downloaded from this station.  

(ii)  The GEE: daily concentrations of the O3, NO2, and CO are downloaded from the Sentinel-

5P records using the GEE platform.  
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(iii)  Solcast website: hourly records of three meteorological parameters, namely WSp, WD, and 

SI are taken from the Solcast portal [127]. These parameters are then converted into a daily 

format to fit the rest of the dataset. 

 

 

Figure 16: A view of the PurpleAir website showing registered ground stations near Kiev [126] 

 

Table 9 gives information regarding the parameters of the dataset. 

 

Table 9: Description of the used parameters 

Type Label Source Factor Unit 

Inputs 

Meteorological PurpleAir 

Humidity (H) (%) 

Temperature (T) (°C) 

Dew Point (DP) (°C) 

Sea Level Pressure (SLP) (mbar) 

Atmospheric GEE 

O3 concentration (O3) (µmol m-2) 

NO2 concentration (NO2) (µmol m-2) 

CO concentration (CO) (µmol m-2) 

Meteorological Solcast 

Wind Speed (WSp) (m s-1) 

Wind Direction (WD) (°) 

Solar Irradiance (SI) (W m-2) 

Temporal Calendar Day Number (DN) - 

Targets Atmospheric PurpleAir PM2.5 concentration (PM2.5) (µg m-3) 

 

4.1.1.3 Data Preprocessing and Splitting 

Data preprocessing steps that are carried out to reach a suitable dataset are as follows: 

(i) Two steps are applied to the Solcast data. First, since the observations are recorded 

based on the coordinated universal time (UTC), the hours are corrected for the 

Shepeleva 
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Ukraine local time. Next, the hourly records of WSp, WD, and SI are averaged for 

each day to be compatible with other daily input factors. For this purpose, the Pivot 

Table feature in Excel is used. 

(ii)  Shepeleva sensor uses two channels (named A and B) for measuring PM2.5. Based 

on some recent studies that examined the quality of PurpleAir PM2.5 data, this data 

is recommended to be subjected to a correction before use. Equation (1) describes 

the applied correction [67, 128].  

ὅέὶὶὩὧὸὩὨ ὖὓȢ πȢυς ὃὠǪ πȢπψφὌ υȢχυ, (1) 

where ὃὠǪ  signifies the averaged PM2.5 for channels A and B. Also, H stands for 

relative humidity. 

(iii)  Most input factors had some missing records throughout the dataset. Thus, the 

corresponding records were eliminated.  

Eventually, the prepared dataset consists of 212 daily records in the period 27 January 2022 to 06 

February 2023. Given the number of included parameters (11 input factors + 1 target parameter), 

a 212×12 Excel file is generated. 

In an ML-based implementation, the dataset is split into two different sub-sets, namely training 

data and testing data. As the name suggests, the first fraction is used for training the models. During 

this process, the relationship between the target and inputs is analyzed and learned by the model. 

Since the second fraction (i.e., testing data) has not been confronted by the model, it is used after 

training for evaluating the generalizability of the model. In other words, the performance of the 

model in dealing with unseen conditions is assessed using testing data [129, 130]. For this study, 

80% of data (i.e., 170 daily records) are randomly chosen to form the training dataset and the 

remaining 20% (i.e., 42 daily records) form the testing dataset. 

 

4.1.1.4 Description and Statistics 

The statistical description of the dataset gives a clear vision of the data conditions. In Figure 17, 

the variation of the input factors and PM2.5 in the period of interest is depicted. Concerning the 

gaseous pollutants, it is seen that the O3 shows a decreasing behavior moving toward the end of 

2022, whereas the NO2 peaks several times in late 2022 and early 2023. Moreover, evaluating the 

PM2.5 trend demonstrates sharp increments with the beginning of the war in February and March 

2022, as well as the last three months of 2022. 
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(g) 

 

(h) 

 

(i) 

 

(j) 

 

(k) 

 

(l) 

Figure 17: Variation of the dataset parameters with time 

 

Using Excel, descriptive statistics of the dataset are produced and the values of mean, standard 

deviation, sample variance, skewness, minimum, and maximum are given in Table 10. The 

concentration of PM2.5 ranges from 3.59 to 89.42 µg m-3 with an average of 18.08 µg m-3. 
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Table 10: Descriptive statistics of the dataset 

Factor Mean 
Standard 

Deviation 

Sample 

Variance 
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 (mbar) 1018.89 8.45 71.37 0.38 995.80 1044.30 

O3 (µmol m-2) 153546.03 16786.08 281772492.90 0.31 111561.71 200901.94 

NO2 (µmol m-2) 106.31 51.54 2656.15 4.16 49.50 501.80 

CO (µmol m-2) 31476.53 3679.24 13536798.57 0.11 22306.92 41959.29 

WSp (m s-1) 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-2) 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 

PM2.5 (µg m-3) 18.08 14.16 200.60 2.27 3.59 89.42 

 

Moreover, Table 11 contains the results of the correlation assessment among all parameters. The 

reported values can vary in [-1, 1] so that -1 means the two parameters are completely adversely 

proportional, and vice versa, 1 means the two parameters are completely directly proportional. The 

correlation of  PM2.5 with the input factors is given in the last row. The largest values are obtained 

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

factors (i.e., T and DP with correlations of -0.49 and -0.50, respectively). 

 

Table 11: Correlation analysis of the parameters 

 H T DP SLP O3 NO2 CO WSp WD SI DN PM2.5 

H 1.00            

T -0.50 1.00           

DP -0.14 0.92 1.00          

SLP -0.23 -0.26 -0.39 1.00         

O3 -0.22 -0.18 -0.30 -0.04 1.00        

NO2 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 0.22 -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    

SI -0.78 0.53 0.26 0.20 0.06 -0.07 0.12 -0.23 -0.13 1.00   

DN 0.12 0.31 0.40 -0.05 -0.61 0.01 -0.49 -0.04 0.06 0.02 1.00  

PM2.5 0.15 -0.49 -0.50 0.32 -0.05 0.30 0.44 -0.26 -0.09 -0.18 -0.22 1.00 

 

4.1.2 Artificial Intelligence  

MATLAB R2017b is used for implementing all artificial intelligence algorithms. In the following, 

the used techniques are described. 
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4.1.2.1 Artificial Neural Network (ANN)  

The ANN is distinguished as a sophisticated ML method that works based on the function of neural 

network in the human brain. The basic idea of neural learning was first proposed by McCulloch 

and Pitts [131]. So far, different types of ANNs have gained huge popularity, due to their ability of 

efficient non-linear analysis. Multi -layer perceptron neural network (MLPNN) is a potential class 

of ANN that, as the name implies, has a layered structure. Many studies have proven that even a 

simply structured MLPNN can be a universal approximator [132]. Concerning specific 

applications, authors have broadly used the MLPNN for predicting various air quality parameters 

(e.g., Ameer, Shah [133], Liu and Guo [134], Suresh, Kiranmayee [135], etc.) 

 In this model, data is transmitted forward via three kinds of layers, namely input, hidden , and 

output layers. As Figure 18 displays, each layer can hold a number of neurons. A three-layered 

network with n input neurons, m hidden neurons, and z output neurons is signified as MLPNN (n, 

m, z). The neurons throughout the network are connected by weights. Also, one bias parameter is 

specified for hidden and output neurons. These two groups of neurons (i.e., hidden and output) 

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

 

 

Figure 18: The topology of a general MLPNN(n, 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 mathematical relationship between the inputs (ὼ), outputs (ώ), weights, 

and biases. 

ώ ὪВύ ὪВύ ὼ ὦ ὦ , (2)  

where ύ  represent the weights that connect the input and hidden neurons along with the 

corresponding bias ὦ and ύ  represent the weights that connect the hidden and output neurons 

along with the corresponding bias ὦ [136]. Employing two so-called strategies feed-forward and 

back-propagation, the MLPNN first process the data forward, and after producing the output, the 

error is calculated, then, the network propagates backward to adjust the parameters with the 

objective of reducing the error [137]. 

 

4.1.2.2 Electromagnetic Field Optimization (EFO) 

Abedinpourshotorban, Shamsuddin [138] designed the EFO algorithm as one of the physical-

inspired metaheuristic algorithms. This algorithm has been earlier used for optimizing MLPNN for 

purposes like groundwater level modeling [139] and solar energy estimation [140]. The population 

in EFO is represented by a set of so-called members electromagnetic particles (EP). As shown in 

Figure 19, there can be three polarities, namely positive, neutral, and negative, for the EPs.  

 

 

Figure 19: Three polarities and forces among the EPs 
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For optimization, the EFO population considers the repulsion-attraction interaction to update the 

population (i.e., produce new EPs) within the created electromagnetic field. The mathematical 

description is as follows: 

(i) Population Generation: Based on Equation (3), the particles are randomly generated in the 

search space bounded within the lower bound (ὒὄ) and upper bound (Ὗὄ). 

Ὁὖ ὒὄ ὶὲὨὟὄ  ὒὄ, i = 1, 2, ..., SPop and j = 1, 2, é, D (3)  

where ὶὲὨ symbolizes a random value in [0, 1], SPop stands for the population size, and D 

represents the dimension. The population is next sorted with respect to the fitness order of 

the EPs. 

(ii)  Classification: The population is grouped into three positive (P), neutral (Nt), and negative 

(N) fields. In this regard, the best-fitted EPs go into the positive field with a population ratio 

Pfield, the worst-fitted EPs go into the negative field with a population ratio Nfield, and the 

remaining EPs go into the neutral field. 

(iii)  New EP Generation: One random particle is selected from each field to incorporate based 

on Equation (6) for generating a new EP. 

ὶὉὖ
ὶὉὖȟ                                                                                                         ὶὲὨ ὖί

ὶὉὖ „ ὶὲὨὶὉὖ  ὶὉὖ ὶὲὨὶὉὖ  ὶὉὖȟ       έὸὬὩὶύὭίὩ
  (4)  

where particles selected from the P, N, and Nt fields are represented by ὶὉὖ, ὶὉὖ, and 

ὶὉὖ, respectively. „ is the golden ratio = 1.618 and ὖί  stands for the probability of 

choosing variables of the new EP from the P field. 

(iv) Randomization: One electromagnet of the generated EP goes through a randomization 

process based on Equation (5) where irt  denotes an integer iteration counter. 

Ὁὖ ὒὄ ὶὲὨὟὄ  ὒὄ ȟ    ὭὪ ὶὲὨὙ  (5)  

in which, Ὑ  gives the probability of changing one electromagnet of the EP with a 

random electromagnet. 

(v) Selection: In this process, the fitness of the new EP is assessed and if it has higher fitness 

compared to the worst existing EP, the new EP replaces the worst one [141]. 

 

4.1.3 Accuracy Evaluation Method 

There are various statistical indicators that can reflect the accuracy of predictions. In order to 

evaluate the performance of the ML models, this study uses three well-known indicators, namely 

root mean square error (RMSE), mean absolute error (MAE), and Pearson correlation coefficient 
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(RP). While the RMSE and MAE calculate the error of prediction i.e., the difference between the 

output and target PM2.5, the RP indicates the correlation between these values. Relatively speaking, 

a smaller RMSE and MAE represent a better prediction, while RP ranges from 0 to 1 so that 1 

reflects the largest accuracy and vice versa. 

Given 0-Ȣ  and 0-Ȣ as the target and output PM2.5 with respective average values of 0-Ȣ  

and 0-Ȣ , Equations (6) and (7) formulate the RMSE and MAE, and Equation (8) formulates 

the RP. 

ὙὓὛὉ В ὖὓȢ  ὖὓȢ , (6)  

ὓὃὉ В ὖὓȢ  ὖὓȢ ,  (7) 

Ὑ
В Ȣ  Ȣ  Ȣ  Ȣ

В Ȣ  Ȣ В Ȣ  Ȣ

, (8) 

where N 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 prediction. Regarding the used dataset, four scenarios are defined for the prediction of air 

pollution. Two scenarios are about the temporal aspect of the atmospheric data. In one dataset, the 

PM2.5 in the day i is considered as the function of input factors recorded for the day i (called dataset 

i), while in the other dataset, the PM2.5 in the day i is considered as the function of input factors in 

day i-1 (called dataset i-1). [142, 143] 

 Two scenarios are also defined based on the dimension of the problem. The first dataset is in the 

original form and comprises 11 input factors (called original-input dataset), while the second 

dataset comprises a lower number of inputs (called input-reduced dataset) with reference to feature 

selection analysis. [144] 

The scenarios are summarized as follows: 

(i) Scenario 1: dataset i & original-input dataset 

(ii)  Scenario 2: dataset i-1 & original-input dataset 

(iii)  Scenario 3: dataset i & input-reduced dataset 

(iv) Scenario 4: dataset i-1 & input-reduced dataset 

 

4.2 Results and Discussion 

4.2.1 Feature Selection Using Principal Component Analysis (PCA) 
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Due to the large number of input factors involved, the ML model has to confront a high-

dimensional problem. It has been proven that trimming the dimension of the problem is a viable 

idea for reducing the computational cost, as well as increasing the accuracy occasionally. In this 

regard, there are several statistical methods that point out the importance of the input factors. The 

factors with the lowest importance can be eliminated, and then check if it improves the accuracy. 

In this study, a well-known technique, namely principal component analysis (PCA) is employed. 

The basis of the PCA is transferring the existing interrelated variables into some orthogonal 

(independent) variables called principal components (PCs). Each PC contains a linear combination 

of the original variables and is uncorrelated to the other PCs [145]. The PCA analyses are carried 

out in the IBM SPSS Statistics 22 environment. 

Figure 20 shows the scree plot of the PCA results. This plot depicts the eigenvalues for the 

constructed PCs. Although the cutoff point is observed around the fourth PC, only the PCs with 

eigenvalues greater than 1 are considered significant [146]. The first three PCs have eigenvalues 

3.062, 2.435, and 1.804. Based on the detailed results in Table 12, these three PCs account for 

around 66.37% variance in data.  

 

 

Figure 20: Scree plot of the PCA analysis 

 



56 

 

Table 12: Detailed variance analysis of the PCs 

Component 

Initial Eigenvalues 
Extraction Sums of Squared 

Loadings 

Rotation Sums of Squared 

Loadings 

Total 
% of 

Variance 

Cumulative 

% 
Total 

% of 

Variance 

Cumulative 

% 
Total 

% of 

Variance 

Cumulative 

% 

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, three rotation methods, namely Varimax, Quartimax, and Equamax are applied 

to the selected PCs in order to identify the most important input factors. In this sense, Kaiser 

Criterion [147] is used to decide which factors should be retained and which should be disregarded. 

The results are given in Table 13. Referring to previous studies [144, 148], 0.75 can be considered 

a threshold of factor loading to determine strong factors. Input factors having absolute factor 

loadings larger than (or equal to) 0.75 are highlighted in Table 13 (negatively and positively strong 

loadings are highlighted in green and red, respectively).  

 

Table 13: Rotated factor loadings and communalities for the used rotation methods 

Input 

Rotated Component Matrix 

(Varimax) 
 

Rotated Component Matrix 

(Quartimax) 
 

Rotated Component Matrix 

(Equamax) 

PC 1 PC 2 PC 3  PC 1 PC 2 PC 3  PC 1 PC 2 PC 3 

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 

O3 -0.751 0.182 0.335  -0.750 0.188 0.335  -0.752 0.179 0.335 

NO2 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 

SI -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 seen, significant factors are obtained only from the first and second PCs, that together account 

for nearly 50% variance in data (see Table 12). However, all three models (i.e., Varimax, 
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Quartimax, and Equamax) agree on the retention of H, T, O3, CO, SI, and DN, because these six 

factors satisfy the loading threshold [144, 149].  

With reference to these results, the input-reduced dataset for implementing Scenarios 3 and 4 is 

created by retaining H, T, O3, CO, SI, and DN and eliminating the other five factors (i.e., DP, SLP, 

NO2, WSp, and WD). 

 

4.2.2 Method Configuration and Scenario Evaluation 

Determining the configuration of the ANN is an important step in such studies. The reason is that 

the prediction accuracy can be affected by the computational architecture of the model. Despite 

some of the characteristics that should be decided by trial-and-error, some others can be 

satisfactorily determined from experience and previous attempts. For instance, as per Section 

4.1.2.1, the applied MLPNN model can possess a minimum of three layers, but it has been broadly 

shown that a three-layered network can excellently model complicated problems [150]. Hence, one 

hidden layer is embedded in the used MLPNN. Table 14 addresses the characteristics that are fixed 

for all used MLPNNs (i.e., in all scenarios). 

 

Table 14: Fixed characteristics of the applied MLPNNs 

No. of 
Layers 

No. of Neurons 
in Output Layer 

Activation Function in 
Hidden Layer 

Activation 

Function in 
Output Layer 

Training Algorithm 
Max. No. 
of Epochs 

3 1 Tansig (ώ  
  

ρ) Purelin (ὼ ώ) 
Trainlm 

(Levenberg Marquardt) [151] 
1000 

 

As a characteristic of the MLPNN, the number of neurons in the input and output layer is 

determined by (equals) the number of inputs and outputs, respectively. Given the PM2.5 as the 

single output of all scenarios, one neuron lies in the output layer (see Table 14). This is while the 

number of inputs varies based on the ongoing scenario and accordingly equals the number of input 

neurons (i.e., eleven inputs in Scenarios 1 and 2 and six inputs in Scenarios 3 and 4). 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 by trial-and-error efforts. The 

performed process includes running the intended MLPNN with a variable number of neurons in 

the hidden layer (m). Ten values are examined so that m = 1, 2, é, 10, and the quality of the results 

is quantified by the RMSE criterion for the training and testing phases (TR and TS, respectively). 

Each model is run six times (i.e., Iterations 1-6) and their average RMSEs are calculated. In the 
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end, the configuration that yields the smallest RMSEs is chosen. The results are exhibited in the 

following tables with a color-intensity visualization. 

 

 




















































