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especially Maxim. Lastly, I would like to remember my beloved grandfather who lost the battle 

with corona this year. I hope that from some place he can, just as proud as he always was, witness 
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Summary 
 
The coronavirus was responsible for the introduction of a lockdown on 18 March 2020 in 

Flanders. This led to a lot of measures, the so-called corona measures, which prevented people 

from leaving their homes and they had to very strictly limit their social contact. The amount of 

traffic decreased on the roads in Flanders during the COVID-19 lockdown. Traffic is a source of 

various air pollutants and therefore it was aimed with this master thesis to investigate whether 

the corona measures had an influence on the air quality in Flanders. More specifically, it was 

aimed to investigate the impact on the concentrations of the traffic-related pollutants NO, NO2 and 

O3 at four different measuring stations. Each station is linked with another type of traffic situation. 

A background situation in Veurne, an urban-background situation in Ghent and finally two urban-

traffic situations in Brussels, one in the city center and one in Sint-Jans-Molenbeek, were chosen. 

The same type of study was performed by the VMM in 2020 and this master thesis aims to build 

on their results. It is important when investigating the impact of an anthropogenic event, like the 

COVID-19 lockdown, on air quality that other influencing factors are also taken into account. One 

major factor in determining the air pollutant concentrations in the atmosphere is weather. The 

influence of the weather conditions was isolated by using a random forest model. The random 

forest model finds the relation between the weather parameters and the air pollutant 

concentrations from a training dataset. A specific model was constructed for each pollutant at 

each location. In order to construct these models, data were needed on the air pollutants 

concentrations and the weather variables. These were provided by the VMM. The training dataset 

for each model consists out of hourly data from 01/01/2015 – 31/12/2019. Predictions can then 

be made for the pollutants in 2020 based on data on the weather conditions in 2020. By comparing 

the predictions made for the period of the lockdown with the measured concentrations in that 

period, the impact of the corona measures may be observed. The results for the background 

station show no clear impact of the corona measures on the pollutant concentrations. The NOx 

concentrations and the O3 concentrations decreased in that station during the lockdown. This 

could be attributed to the less favorable weather conditions during the first month of the 

lockdown. At the urban-background and urban-traffic locations, an impact was seen on the air 

pollutant concentrations. The NOx concentrations decreased during the lockdown due to the 

lower NO emissions coming from traffic in that period. On the contrary, the O3 concentrations 

increased during the lockdown due to the lower NO concentrations, which are responsible for O3 

titration. In addition, the impact was investigated on the daily patterns of the pollutants. Again, no 

clear difference was seen in the background location. At the other locations, no clear difference 

was seen in the trend of the NO-profile that shows a peak at 7 a.m. related to the traffic peak hour 

and stable concentrations throughout the rest of the day. However, the peak was much smaller 

during the lockdown. The NO2-profile at these stations in normal conditions shows a bimodal 

pattern with a peak in the morning and in the evening with the same magnitude, also related with 

the traffic peak hours. During the lockdown, this bimodal pattern was also seen but the last peak 

is smaller than the first peak, and both the peaks reach lower concentrations. The O3-profile 

showed much higher peak concentrations in the afternoon compared with the previous years. It 

was also found that the daily patterns were different on a week day compared with a weekend 

day in Sint-Jans-Molenbeek but the impact of the corona measures on the daily patterns was the 

same, i.e. the same trends in the profiles but lower concentrations for NOx and higher 

concentrations for O3. 
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Samenvatting 
 
Het coronavirus was verantwoordelijk voor de invoering van een lockdown op 18 maart in 2020 

in Vlaanderen. Dit leidde tot heel wat maatregelen, de coronamaatregelen, waardoor mensen hun 

huis niet konden verlaten en hun sociale contacten uiterst moesten beperken. Tijdens de 

lockdown nam de verkeersdrukte op de Vlaamse wegen af. Het verkeer is een bron van 

verschillende luchtverontreinigende stoffen. Het doel van deze masterproef was om te 

achterhalen of de coronamaatregelen invloed hebben gehad op de luchtkwaliteit in Vlaanderen. 

Meer specifiek werd de impact op de concentraties van de verkeersgerelateerde polluenten NO, 

NO2 en O3 onderzocht in vier verschillende meetstations. Elk getypeerd door een verschillende 

verkeerssituatie. Er werd gekozen voor een achtergrondsituatie in Veurne, een stedelijke 

achtergrondsituatie in Gent en tenslotte twee stedelijke-verkeerssituaties in Brussel, één in het 

centrum en één in Sint-Jans-Molenbeek. Eenzelfde studie werd reeds uitgevoerd door de VMM in 

2020. Deze masterproef zal voortbouwen op hun resultaten. Wanneer de impact van een 

antropogene gebeurtenis, zoals de COVID-19 lockdown, op de luchtkwaliteit word onderzocht, is 

het belangrijk rekening te houden met andere factoren die ook een invloed kunnen hebben. Een 

belangrijke factor die bepalend is voor de concentraties van de polluenten in de atmosfeer is het 

weer. De invloed van weersomstandigheden kan geïsoleerd worden door gebruik te maken van 

een random forest model. Het model zoekt de relatie tussen de weersvariabelen en de 

concentraties van de luchtpolluenten uit een trainingsdataset. Voor elke polluent op elke locatie 

werd een specifiek model geconstrueerd. Om dit te doen waren gegevens nodig van de 

concentraties van de polluenten en de weervariabelen. Deze werden verkregen door de VMM. De 

trainingsdataset voor elk model bestaat uit uurwaarden van de periode 01/01/2015 - 

31/12/2019. Op basis van de weerscondities in 2020 kunnen vervolgens voorspellingen worden 

gemaakt voor de concentraties van de verontreinigende stoffen in 2020. Door de voorspellingen 

te vergelijken met de gemeten concentraties in de lockdown kan het effect van de 

coronamaatregelen worden waargenomen. De resultaten voor het achtergrondstation tonen geen 

duidelijk effect van de coronamaatregelen op de concentraties. De NOx-concentraties en O3-

concentraties daalden in dit station tijdens de lockdown. Dit kan worden toegeschreven aan de 

minder gunstige weersomstandigheden tijdens de eerste maand van de lockdown. Op de andere 

locaties werd er wel een effect op de concentraties van de polluenten vastgesteld. De NOx-

concentraties daalden tijdens de lockdown als gevolg van de lagere NO-emissies. Daarentegen 

stegen de O3-concentraties tijdens de lockdown door de lagere NO-concentraties, die 

verantwoordelijk zijn voor O3-titratie. Verder werd het effect op de dagelijkse patronen van elke 

polluent onderzocht. Opnieuw werd geen duidelijke impact vastgesteld op de achtergrondlocatie. 

Op de andere locaties werd er geen verschil waargenomen in de trend van het NO-profiel. Dit is 

namelijk een piek om 7 uur ’s morgens, die gelinkt is met de ochtendspits, en stabiele 

concentraties gedurende de rest van de dag. Die piek was echter veel kleiner tijdens de lockdown. 

Het NO2-profiel bij deze stations in normale omstandigheden vertoont een bimodaal patroon met 

een piek 's morgens en 's avonds van dezelfde grootte, die opnieuw gelinkt zijn met spitsuren. 

Tijdens de lockdown was dit patroon ook aanwezig maar de laatste piek was kleiner dan de eerste 

en beide pieken bereikten lagere concentraties. Het O3-profiel vertoonde veel hogere 

piekconcentraties in de namiddag in vergelijking met vorige jaren. De dagpatronen op een 

weekdag waren anders dan op een weekenddag in Sint-Jans-Molenbeek, maar het effect van de 

coronamaatregelen op de dagpatronen was hetzelfde. Namelijk dezelfde trends in de profielen 

maar lagere concentraties voor NOx en hogere concentraties voor O3.  
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1. Introduction 
 

1.1. Context and motivation 
 
Air quality is a widely discussed topic as it affects human health and the health of other living 

organisms and ecosystems. Air quality is a way of expressing how much the air is polluted, i.e. 

good air quality equals a low level of air pollution. Exposure to high concentrations of hazardous 

air pollutants on short term or low concentrations on long term are associated with various 

negative health effects including chronic and acute cardiovascular and respiratory diseases such 

as cancer and asthma. Exposure during pregnancy can even lead to birth defects (Kampa & 

Castanas, 2008). Routes of exposure are inhalation, through breathing of the contaminated air, 

and ingestion. After deposition of the air pollutants, humans and organisms may absorb the 

substances via contaminated water or food.  

 

The WHO (2018) reports that in 2016, 91% of the world's population lived in areas where the air 

quality levels, that they provide as guidelines, had not been achieved. The European Environment 

Agency (EEA) (2013) states that ecosystems are threatened through damage of vegetation by high 

ozone concentrations, eutrophication and acidification due to high nitrogen dioxide and sulphur 

dioxide concentrations in the air. Lelieveld et al. (2019) estimated that air pollution was 

responsible for 8.8 million premature deaths due to effects of air pollution in 2015, using a 

statistical model and data from the WHO (World Health Organization). In their study the focus 

was on two pollutants, namely ozone (O3) and particulate matter with a diameter less than 2.5 µm 

(PM2.5). Because they are the ones that cause serious health effects. There are, however, other 

substances that are also responsible for the pollution of ambient air. Daly & Zannetti (2007) define 

an air pollutant as “any substance emitted into the air from an anthropogenic, biogenic, or 

geogenic source, that is either not part of the natural atmosphere or is present in higher 

concentrations than the natural atmosphere, and may cause a short-term or long-term adverse 

effect.”. Whereby biogenic sources are living organisms emitting harmful substances and geogenic 

sources include volcanic eruptions, forest fires, sandstorms, etc. The increasing emissions into the 

atmosphere by mankind caused a major increase in the problem of air pollution on local scale but 

also on global scale. In a world of globalization, poor local air quality is not only attributable to 

local emission sources. International trade has made air pollution a global problem and a variety 

of sectors are contributing to this. The largest emission sectors are industry, energy production, 

agriculture and transport, including traffic (Zhang et al., 2017).  

 

Anthropogenic events may influence air quality. In 2020, with the appearance of the coronavirus, 

also known as SARS-CoV-2 (Severe Acute Respiratory Syndrome CoronaVirus-2), an exceptional 

anthropogenic event occurred around the entire world. The virus appeared in December 2019 in 

the city Wuhan in China. The virus is responsible for the coronavirus disease (COVID-19) which 

is highly infectious and causes respiratory illness (Lai et al., 2020). It spreads between humans, 

across all age classes, via droplets produced by talking, coughing or sneezing and via direct 

contact. On 11 march 2020, COVID-19 was declared a pandemic by the WHO (WHO, 2020). Serious 

measures were needed worldwide to stop or at least slow down the spread of the virus to make 

sure that health care can keep up with the number of infected people and that everyone can 

receive the appropriate medical support.  
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In order to guarantee this, many countries decided to go into lockdown. The city of Wuhan went 

into lockdown as early as January 2020 due to the huge number of infections at this epicenter of 

the pandemic (Ren, 2020). The first corona infection in Belgium was diagnosed on 3 February 

when 9 Belgians were repatriated from Wuhan, China. One person tested positive, the other 8 

negative (Metro, 2020). On 29 February, a second infection appeared in Belgium, at that time the 

situation in Lombardy (northern Italy) was very serious, with several cities already quarantined 

(Guan et al., 2020). On 9 march 2020, Italy was the first country in Europe to announce a national 

lockdown (Gualano et al., 2020). Shortly after that, the presence of the virus in all of Belgium was 

a fact and its spread was extremely rapid. Experts feared that the number of infected people to be 

admitted to intensive care would exceed the capacity of the hospitals. To prevent this, the National 

Security Council decided that Belgium would go into lockdown on 18 March 2020. This decision 

involves many measures for the Flemish population, the so-called 'corona measures'. The main 

purpose of these measures is to limit social contact. This is done by introducing the prohibition 

on gathering together and closing borders, schools, restaurants, bars, non-essential shops and so 

many other things. Teleworking became the standard and it was forbidden to move over long 

distances. As a result of these measures, various activities of the emission sectors were halted in 

the period of the lockdown including a reduction of the amount of traffic. Teleraam, a Flemish 

platform that collects data from citizens on traffic in their own neighborhood, reports that in the 

first week of the lockdown there was a 50% drop in traffic on the local roads, this trend persisted 

in the following weeks (Beeckman, 2020). With this drop in traffic, the emissions of traffic-related 

air pollutants in the atmosphere decreased.  

 

1.2. Objectives 

 
This study aims to investigate the impact of the corona measures on the air quality in Flanders. 

More specifically, the focus will be on the impact of the reduction in traffic due to the COVID-19 

lockdown on the concentrations in the air of the gaseous air pollutants related with traffic, i.e. NOx 

(nitrogen oxides) and O3 (ozone). In order to identify the influence related with the corona 

measures, other parameters that influence air quality have to be isolated. Weather conditions play 

an important role in air pollution and the influence of weather conditions can be isolated by using 

a random forest model. Predictions will be made of the concentrations of these substances for the 

period of the lockdown based on data on the weather conditions. These predictions will then be 

compared with the measured concentrations during that period to investigate the impact of the 

corona measures. In particular, it is aimed to find out if the measured concentrations of each 

pollutant are higher or lower than predicted with the model. Additionally, it is aimed to find out if 

the COVID-19 lockdown had influence on the daily patterns of these substances. The overall 

objective can be stated as: “Will air quality improve if the amount of traffic reduces abruptly due 

to anthropogenic events?”. In order to perform this study, a lot of data on the concentrations of 

these pollutants and on the weather conditions is necessary. With the support of the Vlaamse 

Milieumaatschappij, VMM (The Flemish Environment Agency) it was possible to carry out the data 

collection on four different locations. Each location represents another type of traffic situation, 

including a background location and a location with a high amount of traffic. By including different 

types of locations in this study, it is aimed to compare the impact on the concentrations of the air 

pollutants during the lockdown for each location.   
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2. Guideline values for good air quality 
 
Flanders is still facing the problem of premature deaths due to air pollution. The VMM (2020) 

estimated that in 2018 on average 4800 people died prematurely due to effects caused by PM2,5 , 

1500 by NO2 and 200 by O3. Hence the importance of Flanders tackling the problem of bad air 

quality through legislation. As stated earlier, air pollution is a global problem. Therefore it needs 

to be tackled on local, regional, national and international level. Goals and guidelines for good air 

quality exist both on global level and on European level, these will be discussed in this chapter. 

 

2.1. European air quality standards 

 

Since the 1970s, the European Union (EU) has been tackling the problem of bad air quality by 

controlling the emissions of hazardous substances into the atmosphere, improving the fuel 

quality, and by integrating environmental protection requirements into the transport and energy 

sectors (European Commission, n.d.). The EU does this by defining targets and guiding the 

European environment policy with the Environment Action Programs (EAP). The European 

Commission (2019b) reports in their evaluation of the 7th EAP, which ended in 2020, that the 

programme provides a strategic framework that has successfully established the narrative of 

environment policy as a driver for green growth, a healthy planet and improved wellbeing for 

individuals. Additionally, general awareness of the fact that environmental protection goes hand 

in hand with a sustainable economic model that creates jobs and prosperity has increased.  

 

The EU provides various directives and strategies for its Member States, including Belgium. The 

Directive 2001/81/EC, i.e. the National Emission Ceilings (NEC) Directive, was introduced in 2001 

(Europese Unie, 2021). This directive contains specific ceilings, i.e. emission limits, for four 

pollutants (SO2, NOx, non-methane VOCs, and NH3) for each country to be attained by 2010 in 

order to achieve a better air quality in Europe. The Member States have to develop a national 

programme to ensure the emission ceilings aren’t exceeded and they have to make up emission 

inventories and report them every year to the European Commission and the EEA (European 

Parliament & Council of the European Union, 2001).  

 

In 2004 and 2008, the European Commission additionally announced general air quality 

guidelines to be followed by all Member States with the Ambient Air Quality (AAQ) Directives, i.e. 

Directive 2004/107/EC and 2008/50/EC (EU, 2004; EU, 2008; Europese Unie, 2020)(EU, 2008). 

The former addresses the guidelines for arsenic (As), cadmium (Cd), nickel (Ni) and 

benzo[a]pyrene present in the fraction of PM10. The latter discusses the guidelines for sulphur 

dioxide (SO2), nitrogen dioxide (NO2) and oxides of nitrogen (NOx), particulate matter (PM), lead 

(Pb), benzene, carbon monoxide (CO) and ozone (O3). These standards are given in Table 1. Also 

the conditions to be complied with when monitoring and assessing air quality are specified in 

these documents (DG Sante, 2015). Another aim of these directives is to make air quality 

information public. The Member States themselves must ensure compliance with the directives 

and provide sanctions in case of violation of the limits that have been imposed. 
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Table 1: European air quality standards for the different air pollutants (EU, 2004; EU, 2008) 

Pollutant Concentration Averaging period 

PM10 
50 g/m3 24 hours 

40 g/m3 1 year 

PM2.5 25 g/m3 1 year 

SO2 
350 g/m3 1 hour 

125 g/m3 24 hours 

NO2 
200 g/m3 1 hour 

40 g/m3 1 year 

CO 10 g/m3 Maximum daily 8 hour mean 

O3 120 g/m3 Maximum daily 8 hour mean 

Benzene 5 g/m3 1 year 

Pb 0.5 g/m3 1 year 

As 6 ng/m3 1 year 

Cd 5 ng/m3 1 year 

Ni 20 ng/m3 1 year 

Benzo[a]pyrene 1 ng/m3 1 year 

 

Despite the fact that SO2 emissions were reduced with 82 %, NOx emissions with 47 %, non-

methane VOC emissions with 56 % and NH3 emissions with 28 % in Europe between 1990 and 

2010, poor air quality stays a serious problem. Therefore, the EU has decided to set up a Clean Air 

Policy package in 2013 to engage the Member States even more to achieve the objectives. This 

package includes a Clean Air Programme that should guarantee that by 2030, and compared to 

business as usual, 58 000 premature deaths are avoided, 123 000 km2 of ecosystems and 56 000 

km2 protected Natura 2000 areas are saved from nitrogen pollution and 19 000 km2 forest 

ecosystems are saved from acidification. The European Commission (2013) claims this will not 

only benefit the environment and human health but also the economic growth due to cost savings 

related to higher productivity of the workforce, lower healthcare costs, higher crop yields and less 

damage to buildings. The package also revises the NEC Directive and extends the horizon op this 

policy from 2010 to 2030. In 2016 the new NEC Directive was completed, with emission ceilings 

for each Member State to be achieved by 2030, also ceilings for PM2.5 are included. The emission 

reduction goals for Belgium are listed in Table 2 (European Parliament and Council, 2016). 

 
Table 2: Emission reduction commitments for Belgium (European Parliament and Council, 2016). 

SO2 reduction 

compared with 

2005 

NOx reduction 

compared with 

2005 

NMVOC reduction 

compared with 

2005 

NH3 reduction 

compared with 

2005 

PM2.5 reduction 

compared with 

2005 

For any 

year from 

2020 to 

2029 

For any 

year 

from 

2030 

For any 

year from 

2020 to 

2029 

For any 

year 

from 

2030 

For any 

year from 

2020 to 

2029 

For any 

year 

from 

2030 

For any 

year from 

2020 to 

2029 

For any 

year 

from 

2030 

For any 

year from 

2020 to 

2029 

For any 

year 

from 

2030 

43% 66% 41% 59% 21% 35% 2% 13% 20% 39% 
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By 2050, the EU wants to be climate-neutral. For this purpose, an action plan has been developed, 

the Green Deal. All sectors of the economy must cooperate in order to make the full transition to 

a circular economy, restore biodiversity and reduce pollution. Financial and technical assistance 

will be provided by the EU (European Commission, 2020a). To achieve the objectives in the 

agenda of the Green Deal, on 14 October 2020 the European Commission (2020c) submitted a 

proposal for an 8th EAP to guide the environment policy until 2030. With all this, Europe wants to 

set an example for the rest of the world. 

  

2.2. Global air quality standards 
 

Reducing air pollution is part of the 2030 agenda for Sustainable Development of the United 

Nations (UN) (2020a). In 2015, the Sustainable Development Goals (SDG’s) were implemented by 

all the UN Member States, including Belgium. The Decade of Action started in 2020. In this decade, 

all the nations should be encouraged to accelerate collective efforts to achieve the SDG’s by 2030. 

Improving air quality to meet the guideline values established by the WHO contributes to several 

of the SDG’s, these are given in Figure 1. Good air quality ensures a better quality of life and 

therefore contributes to the third SDG that covers good health and well-being. Air pollution is 

related to climate change through different processes. Some of the pollutants stimulate global 

warming while particulate matter improves global dimming. Therefore, the thirteenth SDG, i.e. 

climate action, is of relevance. Due to the atmospheric deposition of pollutants, land and water are 

negatively affected by air pollution. Hence the importance of SDG 6, 14 and 15, i.e. respectively 

clean water and sanitation, life below water and life on land. As mentioned before, the reduction 

of air pollution contributes to economic growth and thus the SDG 8.  

 

 
Figure 1: SDG’s that benefit from improving air quality (United Nations , 2020a). 

The WHO (2005) has been providing standards to achieve a better global air quality since 1987 

and these were last updated in 2005. The air quality guidelines include target values for 

particulate matter (PM10 and PM2.5), O3, NO2 and SO2. These are given in Table 3. In 1979, Belgium 

signed up with the Long-Range Transboundary Air Pollution (LRTAP) Convention, as a UNECE 

(United Nations Economic Commission for Europe) member state. The Convention comprises 8 

protocols and a biennial workplan is drawn up for the member states with activities to follow in 

order to reduce transboundary atmospheric pollution (ECE, 2019). The workplan for 2020-2021 

contains priorities for the long-term strategy for 2020-2030 and beyond (ECE, 2019).  

 
Table 3: WHO guidelines for PM, O3, NO2 and SO2 (WHO, 2005) 

PM O3 NO2 SO2 

PM2.5 PM10 

100 µg/m3 

8-hour 

mean 

40 µg/m3 

annual 

mean 

200 µg/m3 

1-hour mean 

20 µg/m3 

24-hour 

mean 

500 µg/m3 

10-minute 

mean 

10 µg/m3 

annual mean 

20 µg/m3 

annual mean 

25 µg/m3 

24-hour mean 

50 µg/m3 

24-hour mean 
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2.3. Air quality policy of Flanders  

 
Flanders has proved that its air quality policy has been successful over the years. Reductions of 

various gaseous air pollutants are observed compared with the concentrations in 1983, this is 

visualized in Figure 2 for NO, NO2, SO2, CO, O3 and benzene. It can be seen that the annual O3 

concentrations increased over the years but that the O3 maximum 8 hour values has decreased.  

 
Figure 2: Reductions of the gaseous air pollutants in Flanders compared to the concentrations in 1981 (VMM, 2020b). 

However, there are still exceedances of the guidelines imposed by Europe and the WHO for some 

substances. The main challenges of Flanders are to further reduce the concentrations of NOx, PM 

and NH3. With the Air policy plan 2030, Flanders wants to tackle these challenges (VMM, 2020b). 
The plan must lead to the achievement of all the goals for Flanders in the short term, by 2030 and 

by 2050. The short-term goals are not exceeding the European air quality standards and/or target 

values anywhere in Flanders and meeting the emission ceilings for 2020 defined in the NEC 

Directive. In 2030, Flanders must reach the emission ceilings of the NEC directive for 2030. The 

aim is to halve the health impact from air pollution, as estimated by the WHO, compared with 

2005. The area of ecosystems where the carrying capacity for eutrophication or acidification is 

exceeded must also be reduced by a third compared with 2005. By 2050, air pollution from 

anthropogenic sources, such as industry, agriculture and traffic, must be drastically reduced in 

order that the air quality in Flanders complies with the guidelines defined by the WHO 

(Departement Omgeving Vlaanderen, 2019). Specific guidelines are set up for the different sectors 

that contribute to the pollution of air, i.e. the transport sector, the industry sectors, the agricultural 

sector, the households and tertiary sectors. With the present measures, Flanders believes it will 

achieve its goals in the future.  
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3. Important gaseous air pollutants  
 
The aim of this thesis is to investigate the impact on air quality during the lockdown. Therefore, 

knowledge about the most important pollutants that determine air quality is necessary. First, the 

primary gaseous pollutants VOC’s (volatile organic compounds), NOx (nitrogen oxides), SO2 

(sulphur dioxide) and NH3 (ammonia) will be discussed in this chapter. The sources of these 

pollutants and the evolution of the concentrations in Flanders over the years will be described. 

Further, the possible harmful effects related with elevated concentrations of these pollutants will 

be identified. Additionally, the primary pollutants VOC’s and NOx are related to the formation of 

the secondary pollutant O3 in the troposphere (Krupa & Manning, 1988). This topic will be covered 

in the second part of this chapter. Particulate matter and heavy metals are also important air 

quality indicators but are out of the scope of this thesis.  

 

3.1. Primary pollutants 

 
Primary pollutants are emitted directly by a source and enter the atmosphere. Afterwards, they 

can be dispersed and diluted. This way, the negative effects caused by the pollutants can be 

diminished for the surrounding environment and people near the sources. Reactive pollutants can 

be transformed rapidly in the atmosphere near the source and more stable pollutants can be 

transported over large distances (Sitaras & Siskos, 2008). The primary pollutants can be subject 

to various reactions in the atmosphere and serve as precursors for secondary pollutants.  
 

3.1.1. VOC’s 

 
Volatile organic compounds include a range of substances with a high vapor pressure which 

allows them to evaporate and diffuse quickly into the atmosphere. A substance is considered to 

be a VOC if its vapor pressure is higher than 0.01 kPa at atmospheric conditions. Based on the 

definition they are volatile and mostly present in the gas phase (Atkinson, 1998; Van Langenhove 

& Walgraeve, 2019). Frequently, methane is considered separately since it is less potent in the 

formation of ozone. Nevertheless, it is an important compound because of its role as greenhouse 

gas rather than its role as an air pollutant. Hence, the term non-methane volatile organic 

compounds (NMVOC’s) when discussing air pollutants (Vlaamse Milieumaatschappij, 2020b). 

NMVOC’s are partially released in the atmosphere with the combustion of fossil fuels in motor 

vehicles. However, in 2018, only 7% of the VOC emissions were related with traffic due to 

stringent emission standards for vehicles. Other emission sectors in Flanders are agriculture (the 

housing of cattle, pigs and poultry and their manure storage), industrial processes (coating, 

solvent use,…), households (use of fossil fuels for heating, paints, glues and other products) and 

the energy sector (petroleum refineries as main source). Each responsible for respectively 26%, 

24%, 16% and 4% of the NMVOC emissions in 2018 (Vlaamse Milieumaatschappij, 2020a; VMM, 

2020b; Vlaamse Milieumaatschappij, 2020d). Other anthropogenic sources are fuel storage at 

service stations, fuel transport, landfills and other waste facilities. The presence of NMVOC’s in 

paints, glues and other products for private or professional use leads to indoor air pollution 

(Atkinson, 1998; Barletta et al., 2005; Thurston, 2017). NMVOC’s are also released by biogenic 

sources such as vegetation, soils and oceans. These sources were responsible for 20% of the 

emissions in 2018.   
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This group of air pollutants is important since they include various harmful, sometimes 

carcinogenic, substances. VOC’s include carbonyl compounds such as formaldehyde (HCHO) and 

acetaldehyde (CH3CHO), aromatic compounds as BTEX (benzene, toluene, ethylbenzene and 

xylene isomers) and chlorinated VOC’s as tetrachloroethene (C2Cl4) and vinyl chloride. In addition, 

VOC’s can form secondary organic aerosols which lead to secondary particulate matter that is 

responsible for severe adverse health effects on human beings (Sharma & Agarwal, 2018). Since 

2010, Belgium has been meeting the proposed NEC-emission ceilings for NMVOC’s. The emissions 

were reduced with 44% in 2018 as compared to 2000. Efforts in the energy, industry and traffic 

sectors caused the decline in NMVOC’s concentrations. These efforts include, process optimization 

and more efficient use of energy with new developed clean technologies. Additionally, stricter 

policy measures were introduced regarding NMVOC emissions, the use of solvents (including 

prohibition of certain solvents) and the protection of storage tanks. Clean-up techniques, such as 

waste gas treatment and the use of catalysts in cars, also helped to decrease the emissions of 

NMVOC’s (Vlaamse Milieumaatschappij, 2020b).  

 

3.1.2. NOx  

 

Nitrogen oxides (NOx) cover the substances nitrogen oxide (NO) and nitrogen dioxide (NO2). The 

two are paired together in one category, i.e. NOx, as most atmospheric NO2 is derived from NO 

emissions (Harrison, 2005). These compounds are emitted during high temperature combustions 

of fossil fuels in stationary sources, e.g. power plants, and mobile sources, e.g. motor vehicles (EEA, 

2013). The transport sector was responsible for 61% of the NOx emissions in Flanders in 2018, 

17% was related with industry, 6% came from the energy sector, 8% from agriculture and 

horticulture with the use of manure and 8% resulted from other sources (VMM, 2020b). Natural 

sources of NO and NO2 are bacterial activities in soils, forest fires and lightning (Atkinson, 1998). 

Pronobis (2020) illustrates with Figure 3 how nitrogen present in solid and liquid fuels is 

converted into nitrogen oxides during combustion at high temperatures, i.e. the formation of fuel 

NOx. The fuel nitrogen decomposes in the combustion flame to form intermediate nitrogen 

compounds such as HCN, CN, CNO, NH3 and NH. In presence of oxygen compounds, the nitrogen 

compounds are oxidized to NO, see path A in Figure 3. The more oxygen that is available during 

the combustion the more NO that will be produced. Reduction from NO to N2 can take place in the 

combustion chamber, see path B in Figure 3.  

 

 
Figure 3: Conversion of fuel nitrogen into nitrogen oxides (Pronobis, 2020). 

Even more important is the production of thermal NOx during combustion with the reaction of 

gaseous nitrogen and oxygen:  

𝑁2 + 𝑂 → 𝑁𝑂 + 𝑁 

𝑁 + 𝑂2  → 𝑁𝑂 + 𝑂 
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In reducing conditions in the combustion chamber, the following reaction also gives NO: 

 

𝑁 + 𝑂𝐻 → 𝑁𝑂 + 𝐻 

 

Hydrocarbons present in the fuel can react with N2 creating intermediate N compounds such as 

the ones in Figure 3. These compounds can then again be oxidized to form NO. The nitrogen oxides 

present in the exhaust gasses consists mainly out of NO. NO has a short atmospheric lifetime and 

has little negative effects. Yet, after oxidation by ozone in the atmosphere, NO2 is formed:  

 

𝑁𝑂 + 𝑂3  → 𝑁𝑂2 + 𝑂2 

 

NO2 is hence a primary and a secondary pollutant. This toxic, reddish-brown gas with a sharp odor 

has a longer atmospheric lifetime and creates a risk for human health and ecosystems (Daly & 

Zannetti, 2007; Vlaamse Milieumaatschappij, 2020b; Vlaamse Milieumaatschappij, 2020c). NO2 

can form the acid HNO3 in droplets in the atmosphere. When washed out with rain, HNO3 can end 

up on land and vegetation and in waters. Thereby damaging these receptors due to acidification. 

HNO3 in the atmosphere can further react with NH3, producing NH4NO3 which contributes to the 

formation of secondary particulate matter (WHO, 1997). Nitrogen oxides can also be transformed 

to N2O, which is a strong greenhouse gas. However, the key issue is the contribution of NOx in the 

tropospheric ozone formation, which will be discussed in Section 3.2.1.  

 

The NOx emissions in 2018 in Flanders were 47% less than the emissions in 2000. This reduction 

is achieved by various measures in the transport and energy sector such as the use of three-way 

catalytic converters in gasoline cars and the application of exhaust gas recirculation and selective 

catalytic reduction in trucks. Diesel engines still emit too much NOx gases as the total transport 

sector is still responsible for 61% of all NOx emissions in 2018, with 32% from road traffic. 

Therefore this sector will need even further measures (VMM, 2020b).  

 

3.1.3. SO2  

 
Sulphur dioxide is most commonly emitted into the air by the combustion of high-sulphur (fossil) 

fuels, typically found in shipping, industry and power generation. The content of sulfur in vehicle 

fuels has declined sharply resulting in road traffic representing only a small proportion of the SO2 

emissions. A minor portion of the SO2 in ambient air originates from the smelting of ores and from 

natural sources as volcanoes (Kampa & Castanas, 2008). Gaseous SO2 in the troposphere has the 

capacity to acidify ecosystems via dry deposition. After oxidation to particulate sulphate (𝑆𝑂4
2−) 

in aerosols in the atmosphere, the pollutant can be washed out with rain in the form of H2SO4 and 

thereby acidify water and soil, this process is called wet deposition. This acid rain is also 

responsible for the destruction of buildings and corrosion of metals (Vlaamse Milieumaatschappij, 

2020b). Breathing in highly SO2 concentrated air can damage the lungs and this air can cause 

irritation of the eyes. In addition, in the presence of ammonia, salts can be formed, leading to 

inorganic aerosols. (EEA, 2013). Therefore, SO2 is a precursor of secondary PM2.5. In Flanders, the 

emission values for SO2 imposed by the EU are respected everywhere in 2019. However, the 

values imposed by the WHO are still exceeded in some places. The VMM (2020) reports that SO2 

concentrations in 2018 were decreased by 77% in Flanders compared with the concentrations in 

2000 and that the levels have stagnated in recent years.  
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The greatest reduction was found in the industrial and transport sectors. The sulphur content of 

fuels has been greatly reduced over the years and a shift from coal and oil to gas combustion and 

green energy (such as wind and solar energy) took place in power plants and households 

(Rijksoverheid, 2019). Further measures were taken as several techniques exist to remove SO2 

from exhaust gases. Fortunately, the critical level for SO2 to ensure the protection of vegetation 

was also respected in 2019 in Flanders (Vlaamse Milieumaatschappij, 2020a).  

 

3.1.4. NH3  

 
Ammonia emissions mainly originate from agricultural activities. These emissions come from the 

livestock, manure storage and spreading and the use of synthetic nitrogen fertilizers (Asman et 

al., 1998). 95% of the NH3 emissions in 2018 in Flanders came from agriculture and horticulture 

(VMM, 2020b). Other, less important, anthropogenic sources are biomass burning, industrial 

processes and fossil fuel combustion. Natural sources include the manure of wild animals, the 

ocean and natural soils (Schifer et al., 2014). NH3 has a relatively short atmospheric lifetime as it 

is active in the neutralization reactions of the acids H2SO4 , HNO3 and HCl to form respectively 

(NH4)2SO4 or NH4HSO4, NH4NO3 and NH4Cl aerosols (Pinder et al., 2007; Scudlark et al., 2005). The 

reaction between NH3 and H2SO4 or NH4HSO4 is favored over the other reactions (CENR, 2000). 

Due to the formation of these various aerosols, NH3 can be considered as an important precursor 

for secondary particulate matter and therefore has an impact on human health when emitted in 

the atmosphere (Behera & Sharma, 2010). The reduced nitrogen compounds NHx (NH3 and NH4
+) 

also have a great impact on the environment as they are acidifying and eutrophying pollutants 

when they end up on land, water and vegetation via wet and dry deposition. Acidification occurs 

when the formed acids in the atmosphere end up in the environment and lower the pH. 

Eutrophication occurs when an excessive amount of nutrients ends up in the environment. This 

causes changes in biodiversity and invasions of new species in terrestrial ecosystems and algal 

blooms and hypoxia, i.e. low oxygen levels present in tissues, in aquatic ecosystems (Pinder et al., 

2008). In 2020, the impact of acidification and eutrophication on the environment were estimated 

by the EEA (2020) using critical loads, i.e. the load of pollutants that the ecosystem can absorb 

without causing negative effects. They conclude that these critical loads are still exceeded in most 

parts of Europe. In Flanders, the total deposition of NHx was reduced by 32% in 2019 compared 

with the depositions in 2000. However, the critical levels for the protection of vegetation were still 

exceeded in 2019, requiring more efforts from the agriculture and horticulture sector to reduce 

their NH3 emissions (Vlaamse Milieumaatschappij, 2020a).  

 

3.2. Secondary pollutants 

 

Secondary pollutants are not emitted directly by a source but they are formed in the atmosphere 

out of primary pollutants, i.e. precursors. The products may undergo various physical, chemical 

or photochemical reactions in the atmosphere. The secondary pollutants can be present far away 

from emission sources of precursor pollutants due to dispersion processes (WHO, 1997). This 

section will focus on the formation of the secondary pollutant ozone in the troposphere, i.e. the 

first 10 km of the atmosphere where temperature decreases with altitude, except for when 

temperature inversion exists (Krupa & Manning, 1988).   
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3.2.1. Ozone 

 
Ozone is an important pollutant as it forms a photochemical smog layer in the troposphere as 

opposed to the stratosphere where ozone forms a protective layer against UV light. The smog can 

affect human health by irritation of the eyes, damaging the lungs, creating headaches and even 

induce asthma (VMM, 2020b). Ozone can also damage materials like rubber and textiles (Lee et 

al., 1996). Additionally, tropospheric ozone adversely affects vegetation, forests and agricultural 

crops. When O3 penetrates the leaves, it dissolves in the aqueous layer and can be transformed in 

to H2O2 which can be further converted into reactive oxygen species, e.g. superoxide and hydroxyl 

radicals (Rai et al., 2011). These radicals may give rise to several damaging reactions leading to 

lower growth rates, yield, quality and modified sensitivity to biotic and abiotic stresses ( Krupa & 

Manning, 1988; Fuhrer et al., 1997). On top of that, O3 is also a greenhouse gas contributing to 

global warming.  

 

A number of substances can serve as O3 precursors, namely NOx, CO and VOC’s. De Leeuw (2002) 

estimated the tropospheric ozone forming potentials (TOFP) for each precursor to reflect the total 

amount of O3 that can be produced with the breakdown of the specific substance. The TOFP values 

are used as weighing factors when determining the combined contribution in ozone formation. 

NMVOC is used as reference and therefore the TOFP of NMVOC is equal to 1. It should be noted 

that NMVOC’s commonly occur in a mixture. The TOFP strongly depends on the composition of 

this mixture as each NMVOC has a different chemical structure determining its reactivity and thus 

the potential to create O3. Since the composition of this mixture often is not known, a lumped TOFP 

value is used. CO has a relatively low tropospheric ozone forming potential (0.11) compared to 

NOx (1.22) and VOC’s (1 for NMVOC’s and 0.014 for methane (CH4)).  

 

Tropospheric O3 formation results through various reactions. In clean air, i.e. in absence of NOx, 

the process starts with the formation of OH-radicals out of the pre-existing O3 in the troposphere. 

The source of the pre-existing O3 is mainly the stratosphere (Finlayson-Pitts & Pitts, 1993). 

Photolysis of O3, in the presence of sunlight (ℎ𝑣) with a wavelength (𝜆) less then 320 nm, creates 

excited oxygen O(1D)(Atkinson, 1998). O(1D) then reacts with water vapor or CH4 to form 

hydroxyl radicals (Van Langenhove & Walgraeve, 2019)(Lelieveld & Dentener, 2000).  

 

 𝑂3 + ℎ𝑣 →  𝑂2 +  𝑂(1𝐷) (𝜆 ≦ 320 nm) 

𝑂(1𝐷) +  𝐻2𝑂 → 2 °𝑂𝐻 

𝑂(1𝐷) +  𝐶𝐻4  → °𝑂𝐻 +  𝐶𝐻3 

 

The OH radicals play an important role in the atmosphere as they can oxidize the present organic 

compounds. Since they are formed in the presence of sunlight, they’re most important in defining 

the atmospheric chemistry during the day. The radicals initiate the oxidation of CO and CH4 

creating peroxide radicals (°HO2 and °CH3O2). The latter form H2O2 and CH3O2H which can be 

washed out of the clean atmosphere with rain. These reactions are presented in Figure 4 (Van 

Langenhove & Walgraeve, 2019). 
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Figure 4: Reaction scheme for the oxidation of CO and methane in a clean, unpolluted atmosphere (Van Langenhove & 

Walgraeve, 2019). 

If NOx compounds are present in the atmosphere, thus creating a polluted atmosphere, the 

peroxide radicals will react with NO to form NO2 and the OH radicals are regenerated, this creates 

a chain reaction. The OH radicals will initiate new oxidation reactions, creating new peroxide 

radicals and these can then again form new NO2. 

 

°𝑂𝐻2 + 𝑁𝑂 → 𝑁𝑂2 + °𝑂𝐻 
 

The large increase in NO2 is very important, since it decomposes in the presence of sunlight to 

form ozone (Krupa & Manning, 1988; Kansal, 2009). 

 

𝑁𝑂2 + ℎ𝑣 → 𝑁𝑂 + °𝑂  

°𝑂 + 𝑂2 + 𝑀 → 𝑂3 + 𝑀       (M is a third body molecule) 

 

As mentioned earlier, ozone can react with NO to form NO2 and O2. With this reaction ozone 

destruction is carried out. In the presence of a high amount of NO, for example near emission 

sources, this ozone titration can form an ozone sink (EEA, 2008). 

 

𝑁𝑂 + 𝑂3  → 𝑁𝑂2 + 𝑂2 

 

The tropospheric ozone concentrations are thus dependent of the ozone formation and 

destruction and thus of the ratio [NO2]/[NO]. The higher this ratio, i.e. the more NO2 present in the 

troposphere, the more tropospheric ozone is present. During the night, when there is no sunlight, 

in reaction with nitrogen dioxide, ozone can be decomposed to oxygen and nitrate radical (Van 

Langenhove & Walgraeve, 2019).  

𝑁𝑂2 + 𝑂3 → 𝑁𝑂3 +  𝑂2 
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The nitrate radical is a source for HNO3 after formation to N2O5. In presence of sunlight, the NO3 

radical is rapidly decomposed to NO2 again. A scheme of the ozone formation and degradation is 

presented in Figure 5 (Atkinson, 1998). 

 

 
Figure 5: Ozon formation and degradation in the troposphere in the absence of VOC’s (Atkinson, 1998). 

The [NO2]/[NO] ratio is influenced by the presence of VOC’s. VOC’s can be oxidized in the 

troposphere by the present OH radicals to form new radicals.  

 

     𝑅𝐻 + °𝑂𝐻 → °𝑅 + 𝐻2𝑂 

°𝑅 + 𝑂2  → °𝑅𝑂2 

 

These radicals can then react with the present NO creating NO2. This way, the [NO2]/[NO] ratio is 

influenced and the ozone degradation is dominated by the ozone formation.  

 

°𝑅𝑂2 + 𝑁𝑂 → °𝑅𝑂 + 𝑁𝑂2 

 °𝑅𝑂 + 𝑂2 → °𝐻𝑂2 + 𝑅′𝐶𝐻𝑂 

°𝐻𝑂2 + 𝑁𝑂 → °𝑂𝐻 +  𝑁𝑂2 

 

Not only O3 precursors determine the O3 concentrations but also the solar radiation that drives 

the photochemical reactions. The VMM (2019) observed this evidently in the measurements of 

ozone concentrations in the summer of 2019, when heat waves hit Flanders that period. As is 

visible in Figure 6, the concentrations in 2019 peaked far above the WHO and EU standards. It is 

also clear in this graph that the mean O3 concentrations from 1990-2018 are higher during 

summer, exceeding the WHO standards but meet the EU standards. During the summer months, 

more sunlight is available to decompose NO2 to O3. Therefore, in these months the problem of 

photochemical smog is more prevalent. Furthermore, The VMM (2020) concludes that 

background O3 concentrations have increased over the years but that peak concentrations have 

been reduced. Due to measures in Flanders, the O3 precursors emissions have dropped and this 

explains the reduction in the peak concentrations. However, globally these emissions are still too 

high so that ozone formation still proceeds. The O3 originating from places with high precursor 

emissions can be transported to Flanders increasing the background O3 concentrations.  
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Figure 6: Comparison of daily maximum ozone 8-hour means measured in 2019 with long-term average over the period 

1990-2018 (µg/m³) (The VMM, 2020). 
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4. Monitoring networks for air pollutants 
 
Monitoring air quality is essential in order to verify models, detect the effect(s) on air quality from 

certain measures such as the ones related with the corona pandemic and assess the efficiency and 

sufficiency of further abatement (United Nations, 2018). The information obtained by monitoring 

can be used in environment policies to check whether the guidelines set by the WHO and EU are 

respected and if the goals are/will be achieved. As stated in Section 2.1, Belgium has to provide an 

emission inventory to the European Commission and the EEA every year, but also to the UN to 

prove the agreement with the NEC directive, the LRTAP strategy and the SDG’s. The last reports 

were submitted on 15 and 31 march 2020 in accordance with the international commitments. The 

reports consist of inventory emissions per pollutant and per sector in kton. This chapter covers 

the monitoring networks for the air pollutants in Flanders and the analytic methods that are used 

for each pollutant.  

  

4.1. Monitoring networks in Flanders 

 

In Flanders, the agency Vlaamse Milieumaatschappij (VMM) is tasked with the monitoring of air 

pollutants. The agency belongs to the policy area “Environment“ of the Flemish government and 

their task is to promote a good living environment in Flanders (VMM, 2017b). The agency carries 

out various measurements throughout Belgium in order to determine the current water, air and 

climate conditions and they publish reports with their results every year to inform the public.  

 

At any time, it is possible to check the current air quality in Flanders via the website of the VMM 

(2021) or via www.irceline.be. Through maps of Flanders, the air quality is represented using 

different colors that represent different classes, ranging from horrible to excellent. The maps are 

generated by means of a computer model that interpolates the most recent, non-validated 

measured values of the VMM's telemetric measuring stations, i.e. stations that are remotely 

controlled, across Flanders. The classes are assigned to an air quality index. In Belgium, the 

BeLAQI-index is used, which is given in Figure 7 (irCELine, 2019).  

 

 
Figure 7: BelAQI index scale, health impact classification and associated concentration scales for PM10 daily mean, PM2.5 

daily mean and O3 and NO2 daily maximal 1-hour mean (irCELine, 2019). 
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The index uses the last measured concentrations of the pollutants PM10, PM2.5, O3 and NO2. The 

pollutant that gives rise to the highest index, determines the total index. The concentrations used 

for the indices are linked with a ‘relative risk’ to human health, sourced from the HRAPIE project 

(Health risks of air pollution in Europe) from the WHO (2013). The relative risks indicate what 

the increase is in health impact per 10 µg/m³ increase in pollutant concentrations. This was 

calculated by using doses-response relations. The index shows the short term impact of the 

current air quality on human health.  

To obtain the concentrations of the air pollutants present in the atmosphere, 110 measuring 

stations are spread across Belgium, including Flanders, Wallonia and Brussels (IrCELine, 2021). 

The stations are located so that industrial, suburban, urban, rural and traffic-oriented situations 

are all incorporated. Not all of them belong to the VMM but in agreement with the different owners 

of the stations, the VMM is also permitted to use these data (VMM, 2013a). Automatic and 

semiautomatic measurements are performed for the different substances in different measuring 

stations. Automatic measurements are real-time measurement, i.e. the results are displayed on 

the measuring device. With semi-automatic measurements, samples are taken during a specific 

period and are automatically analyzed in a lab. Some of these stations also measure weather 

variables such as temperature, wind direction, etc.  

 

4.2. Analytical methods  
 

Various analytical methods exist to determine the concentrations of air pollutants in the ambient 

air. In this section a brief discussion is given of the analytic methods used by the VMM to measure 

the gaseous pollutants ozone, nitrogen oxides and the volatile organic compounds in Flanders. 

 

4.2.1. O3 

 
The ozone monitoring network consists of 20 telemetric stations across Flanders, all of them 

owned by the VMM. The measuring device that is used for the detection of O3 is an UV absorption 

analyzer, i.e. API (Advanced Pollution Instrumentation) model T400 (VMM, 2016), see Figure 8. 

This device utilizes UV spectroscopy to determine the concentrations of O3 according to the 

quantity of light absorbed. A 254 nm UV light signal passes through the sample cell where it can 

be absorbed in proportion to the present ozone concentrations (Teledyne Technologies 

Incorporated, 2021). This technique is suitable for measuring concentrations in ambient air as it 

has a low detection limit, namely 0.6 ppb. The measurements are performed automatically every 

hour and are subject to an uncertainty of 15 %. Data are recorded automatically, in real time and 

are also remotely available. 

 

 
Figure 8: The model T400 UV absorption O3 analyzer (Teledyne Technologies Incorporated, 2021). 
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4.2.2. NOx 

 

In 2016, the NOx monitoring network consisted of 70 measuring stations across Flanders of which 

45 belong to the VMM and the others are in cooperation agreement with other entities. Both 

passive samplers and automatic monitors are used to measure NO, NO2 and NOx concentrations. 

Passive samplers from IVL (2015) are used to capture NO2 compounds (VMM, 2011). They work 

on the principle of molecular diffusion of gases. The sampling continues four weeks and 

afterwards the samples are analyzed in a laboratory by means of ion chromatography (VMM, 

2013a; VMM, 2016; Vlaamse Milieumaatschappij, n.d.). This semi-automatic detection method 

gives four-weekly average concentrations with an uncertainty of 10 %.  

 

The automatic measuring stations make use of the TS (Thermo Scientific) model 42i monitor, 

which is an chemiluminescence NO-NO2-NOx analyzer, see Figure 9 (Thermo Fisher Scientific Inc., 

n.d.). This analytic method is based on the principle that NO, in the reaction with ozone, produces 

a characteristic luminescence with an intensity linearly proportional to the NO concentration 

(Thermo Fisher Scientific Inc., 2007). Therefore, in order to analyze NO2 it must be first 

transformed to NO. The air is split in two streams when it enters the monitor. The first stream is 

used to analyze the NO concentrations, the second stream is used to determine the NOx 

concentrations. In order to obtain the NO2 concentration, the NO concentration is subtracted from 

the NOx concentrations. This method gives real-time measurements every half-hour and the data 

are immediately available.  

 

 
Figure 9: Model 42i Chemiluminescence NO-NO2-NOx Analyzer (Thermo Fisher Scientific Inc., n.d.). 

 

4.2.3. VOC’s  

 
The VOC monitoring network consists of 17 measuring stations across Flanders. Automatic 

monitors are used in 9 of these stations to measure BTEX compounds. In one of these stations also 

1,2-dichloroethane is measured. Three types of monitors are utilized that make use of gas 

chromatography (GC) with either a flame ionization detector (FID) or a photoionization detector 

(PID). Figure 10 shows the monitor with FID, the model 3A AirmoBTX 1000 and AirmoBTX GC 

866 from Chromatotec group (2016) are used by the VMM (Chromatotec group, 2009; VMM, 

2019). These are both designed to detect and measure BTEX concentrations and the last is also 

used for 1,2-dichloroethane. The analytes are sampled on an absorbent trap and afterwards 

released with thermo-desorption and injected on the column for the separation with GC. The 

carrier gas is H2. The 3A AirmoBTX 1000 model has a detection limit of 50 ppt. The GC955 Synspec 

benzene/BTEX analyzer is the third automatic monitor used by the VMM to detect and measure 

BTEX and uses PID, see Figure 11 (Synspec, 2019). The volatile components are trapped on a 

sorbent consisting of TENAX GR, i.e. a porous material with 23% graphitized carbon (Buchem B.V., 

2015).  
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The compounds are then thermally desorbed from the material and the sample is separated with 

the use of GC, the used carrier gas is nitrogen. The analysis of the separated compounds is done 

with PID. The detection limit for benzene with this equipment is 0.03 ppb. The measurements 

with the previously mentioned automatic monitors provide half-hourly concentrations for the 

given substances.  

 

 
Figure 10: AirmoBTX (Chromatotec group, 2009). 

 
Figure 11: The GC955 Synspec benzene/BTEX analyzer (Synspec, 2019). 

Radiello adsorption tubes are used as passive samplers in 8 stations. In 7 stations passive Radiello 

samplers with Carbograph 4 are used to measure 24 different VOC’s such as alkanes, alkenes and 

aromatic hydrocarbons. Since 2019, aldehydes and ketones are measured in the remaining 

station, however, only 3 compounds had concentrations above the detection limit, namely the sum 

of acetone and acrolein, acetaldehyde and formaldehyde. Passive Radiello samplers with DNPH 

were used in this station. In this station, also 32 VOC’s are actively sampled on an adsorption tube 

with Carbotrap 300 for 24 hours every 4 days, using a pump. The passive sampling continues for 

two weeks. Afterwards, the samples are automatically analyzed in a laboratory using different 

techniques.  

 

ATD-GC (Automated Thermal Desorption Gas Chromatography) is used to detect and quantify the 

24 different VOC’s from the passive samples and the 32 different VOC’s from the active samples. 

The samples containing aldehydes and ketones are analyzed using UPLC-UV (Ultra Performance 

Liquid Chromatography UV-absorption)(VMM, 2017a). Analyzing VOC’s is more labor-intensive 

than analyzing ozone and NOx and often greater uncertainty is found on the results (VMM, 2016).  
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5. Determining the impact of anthropogenic events on air quality 
 
The corona pandemic, that resulted in a lockdown in several places around the world, provides a 

unique opportunity for scientists who conduct research on air quality. Like this study, various 

researchers studied the impact of the corona measures on the air quality. It is also interesting to 

compare these studies with studies that investigate the impact of other anthropogenic events on 

air quality. This chapter gives an overview of the methodologies that are used in literature to study 

the impact of anthropogenic effect on air quality (with a main focus on the corona pandemic) as 

well as an overview of their main conclusions. Additionally, a more thorough review is provided 

on the use of machine learning approaches for quantifying the anthropogenic effect on air quality, 

more specifically the use of random forest models. As this will be the type of method that will be 

used in this work. 

 

5.1. Before-and-after evaluation 
 

The most straightforward method that can be used to determine the impact of an anthropogenic 

event on air quality is a before-and-after evaluation. This technique uses data prior to the start of 

the event to compare it with data after the start of the event in order to detect any possible impact. 

This was done in many studies regarding the air quality after the start of the COVID-19 lockdown. 

This can be done in a quantitative way or in a qualitative way.  

 

5.1.1. Quantitative evaluation 

 

A quantitative before-and-after evaluation was performed in the study of Broomandi et al. (2020). 

The authors compared the averaged concentrations of various air pollutants in Tehran (Iran) for 

the period of 21 March to 21 April 2020 with the concentrations of the same period in 2019. The 

results, expressed as percentage increase or decrease, of their study are given in Table 4. A 

decrease was observed for all the pollutants except for ozone which showed an increase of 3%. 

The increase in O3 concentrations is explained by the reduction of NOx emissions during the 

lockdown. Less NO is present in the atmosphere to break down the O3 but a sufficient amount of 

NO2 is still present to form O3 in the presence of sunlight. The [NO2]/[NO] ratio increases, leading 

to higher ozone levels. The EEA (2020) compared NO2 concentrations during the week of 16-22 

March 2020 with the same week in 2019 using data from 3000 monitoring stations across 

European countries. A drop in the NO2 levels with 40%, 56% and 40% was observed in 

respectively Barcelona, Milan and Lisbon. A quantitative evaluation was also carried out in South 

Korea by Vuong et al. (2020), in India by Yadav et al. (2020), in China by Chen et al. (2020), in 

Brazil by Nakada & Urban (2020), in the U.S. by Berman & Ebisu (2020) and in many other 

countries. Almost all these studies lead to the same conclusions: a decrease in concentrations of 

the air pollutants during the lockdown except for an increase in the ozone concentrations. 

 
Table 4: The change in concentrations expressed in % for the air pollutants during the lockdown in Iran (Broomandi et 
al. , 2020). 

O3 (ppb) CO (ppm) NO2 (ppb) SO2 (ppb) PM10 (µg/m3) PM2.5 (µg/m3) 

+ 3% -13% -13% -12.5% -11.3% +10.5% 
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Kerimray et al. (2020) investigated the change in air quality in Kazakhstan also by doing a before-

and-after evaluation. The authors decided to compare the concentrations of the air pollutants 

during the lockdown, i.e. 19 March -14 April 2020, with the concentrations of the period just 

before the start of the lockdown, i.e. 2 March – 18 March 2020. The outcome of their study is 

presented in Table 5. Again a significant decrease is observed in the NO2 and CO concentrations 

and an increase in the O3 concentrations. The increase of SO2 levels was explained by the 

emissions coming from coal combustion. Hence, the reduction in emissions coming from traffic 

didn’t have much influence on these concentrations. The same way of investigating the impact of 

the lockdown on the concentrations of air pollutants was done in China by Wang et al. (2020). The 

results of their study are consistent with the other studies: a decrease in PM2.5, PM10 , CO and NO2 

concentrations and the O3 concentrations increased.  

 
Table 5: The change in concentrations expressed in % for the air pollutants during the lockdown in Kazakhstan 
(Kerimray et al., 2020). 

 

Brimblecombe & Lai (2021) investigated the change in diurnal patterns of NO2 concentrations by 

comparing data of two weeks before the start of the lockdown with data of the first two weeks of 

the lockdown. They did this for various sites in Beijing. The bimodal pattern of NO2 was still seen 

during lockdown but less pronounced than before the lockdown due to the reduction in NO 

emissions. 

 

Zhou et al. (2010) examined the impact of transportation control measures on emission 

reductions during the 2008 Olympic Games in Beijing, (China). To do so, they divided the city in 

grid cells and for each grid cell the transport emissions were calculated based on the type of the 

vehicles that passed the specific roads and their speed. This way, grid-based emission inventories 

are obtained and together with data from monitoring stations, the situation before the event can 

be compared with the situation during the event. These transportation control measures are 

similar to those taken to prevent the spread of the coronavirus but not as drastic. Zhou et al. 

(2010) report that VOC, CO, NOx and PM10 emissions coming from traffic were reduced with 

respectively 55.5%, 56.8%, 45.7% and 51.6% during the Olympic games (July 28- August 22 2008) 

compared to the period before the event (June 22-July 5 2008). Lee et al. (2005) performed the 

same type of study to investigate if there was an impact on urban air quality due to the restriction 

of the operation of passenger vehicles during Asian Game events in Busan (Korea). The authors 

compared the criteria air pollutant concentrations, measured in 13 monitoring stations, from 

before the event (13–28 September 2002) with concentrations during the event (29 September–

14 October 2002). Remarkably, they experienced that all air pollutant levels increased during the 

event. The reason for this was the change in meteorology. This study already demonstrates that 

doing a before-and-after evaluation is not always accurate to determine the impact of certain 

anthropogenic events on air quality since other factors, such as the weather, also have an 

influence. To conclude, a quantitative evaluation gives a good first insight in changes in air 

pollutant levels during the lockdown but a clear conclusion on the impact on air quality cannot be 

made. 

 

NO2 (µg/m3) SO2 (µg/m3) CO (µg/m3) O3 (µg/m3) 

-35% +7% -49% +15% 



 21 

5.1.2. Qualitative evaluation  

 

A qualitative before-and-after evaluation can be performed by calculating a dimensionless Air 

Quality Index (AQI). This AQI is then linked to a specific category class, making it possible to 

qualitatively assess the air quality and the related health impacts. The results for the period of the 

lockdown can be compared with the period before the start of the lockdown. A considerable 

disadvantage is that there is no universally acknowledged AQI. The calculation of it differs 

between countries. As mentioned in Chapter 4, the BeLAQI-index is used in Belgium. Since the 

calculation of this index is rather abstract, the study of Xu et al. (2020) will be used as an example 

of a qualitative before-and-after evaluation. Xu et al. (2020) investigated the impact of the COVID-

19 event on the air quality near central China. They use the United States Environmental 

Protection Agency (US EPA) AQI. To calculate the daily AQI, sub-indices (sub-AQI) are first 

calculated for the six air pollutants based on daily concentrations of PM2.5, PM10, SO2, CO, NO2 and 

the daily average 8-hour maximum concentrations of ozone as shown in Equation (1). With sub-

AQIP : the air quality sub index for air pollutant p, Cp: the concentration of the air pollutant p, Clow: 

the concentration breakpoint that is  Cp , Chigh: the concentration breakpoint that is  Cp, Ilow: the 

index breakpoint corresponding to Clow, Ihigh: the index breakpoint corresponding to Chigh. The 

breakpoints and the corresponding indices are predefined by the U.S. EPA (2018). The final daily 

AQI equals the maximum sub-AQI, see Equation (2). 

 

𝑠𝑢𝑏𝐴𝑄𝐼𝑃 =  
𝐼ℎ𝑖𝑔ℎ− 𝐼𝑙𝑜𝑤

𝐶ℎ𝑖𝑔ℎ− 𝐶𝑙𝑜𝑤
 (𝐶𝑃 − 𝐶𝑙𝑜𝑤) + 𝐼𝑙𝑜𝑤   (1) 

 

𝐴𝑄𝐼 = max(𝑠𝑢𝑏𝐴𝑄𝐼1, 𝑠𝑢𝑏𝐴𝑄𝐼2, … , 𝑠𝑢𝑏𝐴𝑄𝐼𝑛)  (2) 

 

After obtaining the value for the AQI, it can be classified into six possible classes linked with a 

color and related to specific health effects, this is shown in Table 6 (AirNow, 2016).  

 
Table 6: US EPA AQI (AirNow, 2016). 

Color Levels of concern Values of AQI Description of Air Quality 

Green Good 0-50 
Air quality is satisfactory, and air pollution poses 

little or no risk. 

Yellow Moderate 51-100 
Air quality is acceptable. However, there may be a 

risk for some people, particularly those who are 

unusually sensitive to air pollution. 

Orange 
Unhealthy for 

sensitive groups 
101-150 

Members of sensitive groups may experience health 

effects. The general public is less likely to be 

affected. 

Red Unhealthy 151-200 
Some members of the general public may experience 

health effects; members of sensitive groups may 

experience more serious health effects. 

Purple Very unhealthy 201-300 
Health alert: The risk of health effects is increased 

for everyone. 

Maroon Hazardous 301 -500 
Health warning of emergency conditions: everyone 

is more likely to be affected. 
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The study tries to evaluate the change in air quality by comparing the distribution of the six AQI 

classes in January, February and March averaged over 2017-2019 with the distribution in the 

same months in 2020. This was done for the cities Anqing, Hefei, and Suzhou. The lockdown was 

introduced at the beginning of February 2020 in these cities. The combined results for these three 

cities is shown in Figure 12. The proportion of the green class has increased for each month from 

5.7%, 8.7% and 7.2% to respectively 11.8%, 41.8% and 22.6%. This implies that the proportion 

of the time when the air quality poses little or no risk to human health has increased in these 

months. In February and March the share of the red class has even reached zero. Based on these 

results, a qualitative evaluation can be made leading to the conclusion that air quality has 

improved during the months of lockdown in central China.  

 

 
Figure 12: Left: The distribution of the six AQI classes for Anqing, Hefei, and Suzhou in January, February and March 

averaged over 2017–2019, Right: The distribution of the six AQI classes for Anqing, Hefei, and Suzhou in January, 
February and March in 2020 (Xu et al. , 2020). 

Although before-and-after evaluations give a good indication of the impact of the corona measures 

on the air quality, their results should be interpreted critically. Most of the studies already outline 

the weather conditions for the specific study period and area and compare them to the situation 

of previous years to give an impression of the influence of the meteorology. But the confounding 

effects of meteorology on the fluctuations in concentrations of air pollutants need to be removed 

to really isolate the effect of the corona measures. In order to do so, other methods are more 

effective and will be discussed in the next section.   
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5.2. Model-based approaches to account for weather influences 

 
Instead of performing a before-and-after evaluation, a model-based approach could be used to 

investigate the impact of the lockdown on air quality. The influence of the corona measures on the 

air quality is confounded by the influence of other factors. The main factor that influences the 

concentrations of air pollutants in the atmosphere is weather. Model-based approaches can be 

used to estimate the influence of weather on air quality. Subsequently, the created model can be 

used to filter the effects of the weather conditions by predicting the concentrations for the 

different air pollutants based on the weather conditions. The predictions can then be compared 

with the measured concentrations to identify a potential impact resulting from anthropogenic or 

other events, excluding weather phenomena. This section will first describe the influence of the 

weather conditions on air pollutant concentrations in the atmosphere, in order to motivate why 

it is important to take this into account. Afterwards, it will be discussed how this influence can be 

isolated in air quality research through the use of two different model-based techniques, i.e. 

machine learning and deterministic models.  

 

5.2.1. Influence of weather conditions  

 

The pollutant concentrations present in the atmosphere are influenced by the location and type 

of emission source but also by the meteorological conditions. When focusing on the primary 

emissions coming from traffic, bad dispersion is especially observed in urban areas and in the 

presence of street canyons. In street canyons high buildings capture the large amount of 

pollutants coming from the vehicles and wind cannot carry it away. Particularly during traffic peak 

hours, primary pollutant concentrations can reach high levels. Favorable weather conditions can, 

however, lower the accumulated concentrations. Liao et al. (2018) define favorable weather 

conditions as : “high wind speed, high precipitation and a weak temperature inversion.”. 

Therefore, these meteorological variables are crucial to include when creating a model to predict 

the concentrations of air pollutants in the atmosphere.  

 

Wind is responsible for dispersion and dilution of the pollutants in the atmosphere. The polluting 

gases and particulates can also be removed from the atmosphere by dry or wet deposition, but 

depends on the characteristics of the substances. Dry deposition is a continuous process while 

wet deposition occurs with precipitation (Leelossy et al., 2014). High amounts of rain are thus 

responsible for the wash out of pollutants from the atmosphere. It should be noted that the 

amount of wet deposition during heavy rainfalls influences the amount of dry deposition 

afterwards. Since the concentrations of the pollutants are lowered in the atmosphere, less 

pollution can be dragged out by dry deposition (VMM, 2013b). The presence of temperature 

inversion is also important. Temperature inversion is the mechanism whereby the temperature 

gradient, which normally runs from high to low in the troposphere, is reversed. This way, a warm 

layer retains the substances and prevents them from being dispersed (Trinh et al., 2019). The 

WHO (1997) explains the concept as follows: “As a mass of air rises it cools but as long as its 

temperature remains greater than that of the surrounding air it will retain buoyancy and continue 

to rise. Conversely, if the actual temperature falls more slowly than that of the mass of air, or even 

increases, the cooling air will rapidly become heavier than the surrounding air and it will fail to 

rise. Consequently, a temperature inversion occurs when the air temperature rises with height 

above the ground.”.  
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The earth’s surface does also participate in the dispersion of pollutants by means of various 

processes like frictional drag, evaporation and transpiration, heat transfer and terrain induced 

flow modification (Stull, 1988). The part of the troposphere that is influenced by these processes 

is called the boundary layer. The thicker this layer, the more the pollutants are subject to 

dispersion due to turbulence in this layer and can move to the layer above, i.e. the free 

atmosphere. Figure 13 shows the changes in the boundary layer during the day (Leelossy et al., 

2014). The boundary layer height (BLH) is influenced by the meteorological conditions and the 

time of the day (Bronsema, 2011). Often at night the earth’s surface cools down because of the 

heat release to the atmosphere. This creates temperature inversion and therefore a stable 

boundary layer. In this stable layer less turbulence is present and pollutant concentrations can 

accumulate. The amount of clouds is an important parameter in the cooling of the earth surface. 

When there are many clouds at night, the heat coming from the earth’s surface is trapped. When 

there is a clear sky, i.e. little clouds, the heat can escape to higher layers in the atmosphere and the 

earth’s surface cools down more rapid. During the day, however, the earth’s surface heats up due 

to solar radiation and this process is positively influenced by a clear sky. The generated vertical 

heat flow leads to more turbulence. Together with winds, this leads to air flows in the boundary 

layer and therefore creating a larger mixed layer (Bronsema, 2011). In high pressure regions, the 

BLH is generally smaller than in low pressure regions. High pressure regions are characterized by 

calm weather conditions and little clouds. In high pressure regions air moves downwards because 

the air flows out of the core of the region, this is called divergence. In low pressure regions, hot 

air rises upwards to higher altitudes in the troposphere. The air is replaced by winds moving 

towards the low pressure region, this is called convergence (NoodweerBenelux, 2021). A detailed 

description of the processes present in the boundary layer is given in the work of Stull (1988). 

Effective dispersion occurs thus when the atmosphere is unstable, i.e. a high level of turbulence 

and mixing, and the BLH is sufficiently large.  

 

 
Figure 13: Changes in the boundary layer during the day (Leelossy et al., 2014). 
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5.2.2. Machine learning: Random Forest   

 

Tom Mitchell (1997), a machine learning pioneer, defines Machine Learning as follows: “Machine 

Learning is the study of computer algorithms that improve automatically through experience.”. 

More specific, in machine learning algorithms are used to find relations in large datasets. It is 

possible to analyze both linear and non-linear relationships between predictors and outcome 

variables (Varian, 2014). A predictive model (often a regressor or classifier) can be established 

during a so-called training phase. The final product of such a training phase is a regressor or 

classifier that is capable of predicting an outcome of interest. The trainings dataset, used for 

training the model, consists of the outcome variable (in this study the air pollutant concentration) 

and the predictors (in this study the weather variables used to predict the air pollutant 

concentration) (Cole et al., 2020). Additionally, a test dataset is necessary to evaluate the model 

performance. It is thus possible to find a function that maps the weather conditions on the 

atmospheric air pollution and this can be used to predict the air pollution for a given weather 

condition. Predictions can be made with new data of the predictors, i.e. out-of-sample predictions 

with out-of-sample data. A problem that frequently occurs with machine learning is that the model 

describes the relationships in the training data so precisely that it starts to overfit new data, i.e. 

the model memorizes the training data rather than extracting relevant patterns from it. As a result, 

predictions on unseen data will be inaccurate. A trade-off must be made between a complex model 

that fits the data well and a simple model that generalizes well the new data.  

 

Since it is aimed to predict the continuous outcome variable “air pollutant concentration”, a 

regression problem arises. Solving a regression problem can be done by using tree-based models, 

namely with a regression decision trees. Regression trees can be seen as an extension of linear 

regression. A big advantage is that the trees can be visualized and are therefore easier to interpret. 

An example of a simple decision tree is given in Figure 14 (Gross, 2020). With this method the 

dataset is divided in subsets by using splitting rules starting from the top of the tree, point A in 

Figure 14, i.e. the root of the tree (James et al., 2013). The tree is constructed via recursive binary 

splitting, i.e. the dataset is split into two branches at each internal node of the tree (A, B and C in 

Figure 14) until the terminal nodes or the “leaves” (D, E, F and G in Figure 14) are reached. With 

recursive binary splitting the best split is used at every node for that particulate step. This is done 

by finding the split that minimizes the RSS (residual sum of squares), i.e. a measure that indicates 

the difference between the predictions and the training observations. This way, the predictor 

space is split in simple regions. The predictions for the observations are captured in the terminal 

nodes of the tree. For a more detailed explanation of this concept, see the work of James et al. 

(2013) and Breiman (1984). 

 

 Figure 14: Decission tree (Gross, 2020). 
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A tree model can become very large if little errors are allowed since a lot of splits are used, creating 

many branches and many leaves (Varian, 2014). This makes the tree complex and hard to 

interpret. Using complex trees also increases the chance of overfitting. In order to prevent 

overfitting, randomness can be added to the dataset with the use of bagging or boosting. Bagging 

or bootstrap aggregation is a technique that allows to reduce the variance of a model. A 

“bootstrap” sample is taken randomly from the given dataset, this is repeated several times. 

Multiple bootstrap replicates (B is used to refer to the number of replicates) of the training dataset 

are used to build a set of trees, where each tree is fit on a separate replicate. The predictions made 

with the B constructed trees are then averaged. Breiman (2001) introduced the random forest 

algorithm that expands the principle of bagging to even further reduce the variance of the model. 

A scheme of the random forest method is presented in Figure 15 (Chakure, 2019). A large set of 

individual decision trees (Tree 1, Tree 2,…) is randomly created from bootstrapped training 

samples out of the dataset to form the random forest. When creating each tree, a different set of 

m predictors is selected out of the p existing predictors each time a split arises at an internal node. 

Often m is chosen to be equal to the square of p. When m and p are equal, this method is equivalent 

to what is often called bagging. Out of the m predictors, one is randomly chosen upon which the 

split criteria will be based. This way of constructing the trees prevents that one strong predictor 

is always preferred at the top split. Therefore, the random forest consists out of a set of trees that 

are decorrelated to some extent. The final algorithm is obtained by averaging the trees. The 

variance is strongly reduced as compared to a single tree and the predictions will be more 

accurate.  

 

 
Figure 15: A random forest model (Chakure, 2019). 

A benefit of this method is that it is possible to determine which predictor has the greatest 

influence on the predictions. By observing how much the RSS (residual sum of squares) is reduced 

by using a specific predictor at splits. The higher the amount of reduction, the more important the 

predictor. A random forest model can thus serve as a robust tool to predict concentrations of air 

pollutants during the COVID-19 event based on weather variables. Compared to deterministic 

models (see further in Section 5.2.3), no data are needed of the emissions during the period of the 

lockdown, data on the weather variables are sufficient.  
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The VMM (2020a) used a random forest model approach to determine the impact of the corona 

measures on the air quality in Flanders. They used the “RMWeather” package, for the statistical 

software program “R”, that contains tools to conduct meteorological normalization on air quality 

data (Grange, 2020). The random forest model was trained using daily air pollutant 

concentrations and a set of weather variables. The training dataset consist of values starting from 

01/01/2015 to 29/02/2020, that is the period before the start of the lockdown. The ‘RMWeather” 

package randomly selects 80% of the provided training dataset to use as actual training set, the 

other 20% is used to test the performance of the model. A model was created for each air pollutant 

(NOx, NO2, O3, PM2.5, PM10 and black carbon) for 13 different measuring locations, i.e. 78 different 

model. The models were used to make predictions for the period of 01/03/2020 to 10/05/2020. 

The results for NO2 at the station situated in Brussels is given in  Figure 16. The dotted line 

indicates the start of the lockdown. It is clear that from this point a difference occurs between the 

measurements and the predictions made with the random forest model. The observed NO2 

concentrations are lower than predicted in the lockdown. It is also remarkable how well the model 

predicts the concentrations before the start of the lockdown. 

 

 
 Figure 16: NO2 daily average concentrations in Brussels (The VMM , 2020a). 

 
The VMM summarizes their results as follows:  

 

1) The impact of the corona measures is largest on the traffic-related pollutants, i.e. NOx, NO2 

and black carbon, and in the locations with the highest amount of traffic. The predictions 

with the model for these pollutants were higher than the observed concentrations.  

2) No impact was observed on the PM concentrations during the lockdown. This was 

partially attributable to the unfavorable weather conditions in this period and the low 

performance score of the model for PM. 

3) The measured O3 concentrations were higher than predicted with the model.  
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These results are already very meaningful for the situation in Flanders and this study will try to 

build further on them by working with hourly values instead of daily values. By training the 

specific models for each pollutant at each station with hourly values, these models can be used to 

predict hourly concentrations during the lockdown. The predicted hourly concentrations can then 

be compared with the measured hourly concentrations to investigate more in detail if there is any 

impact due to the corona measures. Additionally, the hourly measured concentrations can be used 

to construct daily patterns for each pollutant. An average daily pattern for each pollutant for the 

first month of the lockdown can be compared with an average daily pattern for that same period 

in previous years to compare the daily profiles before and after the corona event. The average 

daily patterns for the first month of the lockdown can also be compared with the constructed 

average daily pattern based on predicted hourly values. This way, it is hoped to add value to the 

existing results of the VMM. 

 

5.2.3. Deterministic models 

 
Air pollution concentrations can also be determined by using mathematical equations based on 

the chemical and physical processes present in the atmosphere that influence air quality. Chemical 

Transport Models (CTM) are an example of a deterministic approach and can be used to evaluate 

the impact of the corona measures on the air quality (Mallet & Sportisse, 2008). In order to 

construct such a model, knowledge is necessary on the different processes and a lot of 

assumptions need to be made as it is impossible to translate the atmospheric composition 

completely into equations. After the CTM model is constructed, the air pollutant concentrations 

can be simulated based on input data that consists out of emission data of the pollutants, 

meteorological and geographical data (VMM, 2020a). The main difference with the random forest 

models is that CTM are first-principle models that are constructed based on knowledge compared 

to the data driven random forest models. The model performance can be evaluated by comparing 

the simulation results with the measured concentrations (Ballesteros-González et al., 2020). 

Therefore, data of the air pollutant concentrations needs to be available. When the model 

performs successfully, it can be used to assess the impact of the lockdown on air quality. The CTM 

needs to run two scenario’s. Once for a Business As Usual (BAU) scenario and once for the 

lockdown scenario. The meteorological and geographical input data are constant parameters 

during the two runs, this way the effect of meteorology is isolated. The BAU scenario assumes 

emissions as if there was no change in traffic due to the COVID-19 event and the second scenario 

assumes lower emissions due to the reduction in traffic. Making these assumptions is not so 

evident. The results of the two runs can be compared and the difference can be attributed to the 

impact of the corona measures. The Global Modeling and Assimilation Office (GMAO) of NASA 

(National Aeronautics and Space Administration) developed the Goddard Earth Observing 

System, Version 5 (GEOS-5) model that has a CTM configuration that can be used to simulate air 

pollutant concentrations. Pott et al. (2021) used the GEOS CTM to determine changes in air 

pollution during the lockdown in the U.K. The study of S. Wang et al. (2021) is an example of a 

deterministic approach to investigate the impact of the COVID-19 lockdown on the air quality in 

the south of China. They used the Community Multi-scale Air Quality (CMAQ) model with different 

emission scenario’s.  
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6. Data collection and pre-processing 
 
A valid dataset was obtained through data collection and pre-processing. Valid data for this study 

are data that has been properly collected, derived from a legitimate source, and that includes 

concentrations of air parameters as well as weather conditions over a sufficiently long period of 

time. Section 6.1 describes in detail how and from where the data were collected and which data 

were available for this research. Section 6.2 explains how the data were converted into a finished 

training dataset and data for which predictions will be made. 

 

6.1.  Data collection 

 
In cooperation with the VMM, data were collected from various measuring stations across 

Flanders and Brussels. Four locations with measuring stations were selected for this study, each 

location representing a different traffic situation. The first location is Veurne, which represents a 

background situation with limited traffic. The next location is a public park in Ghent, “Het 

Baudelopark”, which represents an urban-background situation with relatively little traffic. The 

third location is in the center of Brussels at the intersection “Kunst-Wet” and represents an urban 

situation with a lot of traffic. The last location is again in Brussels but outside the center, i.e. Sint-

Jans-Molenbeek, also representing an urban-traffic situation. At each location, air pollutants are 

monitored. The meteorological variables were monitored in the stations of Veurne, Ghent and 

Sint-Jans-Molenbeek. Traffic data was also available for the station in the center of Brussels. A 

detailed specification of the various locations follows later in this section. 

 

The three air pollutants of particular importance for this study are NO, NO2 and O3. The 

concentrations of these substances are measured and registered every hour by the VMM (2020a). 

In addition, weather variables are being measured and registered by the VMM. An overview of the 

four locations with the corresponding data that were available is presented in Table 7 and Figure 

17. Figure 18 shows a photograph of each location to give a more clear view of the type of location. 

These images were obtained from Google Maps (Google, 2019). 
 

Table 7: The measuring locations with the available data. 

Location Type Meteo data O3 data NOx data Traffic data 

Veurne Background ✓ ✓ ✓ ✗ 

Ghent, Baudelopark Urban-background ✓ ✓ ✓ ✗ 

Brussels, Kunst-Wet Urban-traffic ✗ ✗ ✓ ✓ 

Sint-Jans-Molenbeek Urban-traffic ✓ ✓ ✓ ✗ 
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Figure 17: Map of Belgium showing the different locations used for data collection. 

 
Figure 18: The four different locations, top left: background location Veurne, top right: urban-background location Ghent, 

bottom left: urban-traffic location Kunst-Wet, bottom right: urban traffic location Sint-Jans-Molenbeek (Google, 2019). 
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6.1.1. Background location: Veurne 

 
The city of Veurne is located in West-Flanders close to the border with France and has 12.096 

inhabitants (Informatie Vlaanderen, 2020b). The station, measuring the levels of pollutants, is 

located in Houtem, a distant village part of Veurne, approximately 10 km outside the city center 

of Veurne and 9 km away from the Belgian coast. The station is situated between agricultural 

fields, along a small road with little traffic (Google Maps, n.d.; IrCELine, n.d.). It is important that a 

background location with little traffic is included in this study as a reference. A reference is 

essential to confirm that any decrease or increase in traffic related pollutants is in fact due to the 

reduction in traffic caused by people staying at home during the lockdown and not by other factors 

such as meteorological influences. The weather variables and the levels of nitrogen oxides and 

ozone are measured in the same station.  

 

6.1.2.  Urban-background location: Ghent, Baudelopark 

 

The park is centrally located in Ghent beside the river the “Leie”. Ghent is a city with 263.614 

inhabitants (Informatie Vlaanderen, 2020a). On top of this, there are many students who study in 

this city and live there during the week. UGent, for which this thesis is being carried out, is located 

in Ghent and has over 48.000 students (Universiteit Gent, 2020). Since 1st January 2020, a low-

emission zone has been introduced in Ghent to create a healthier atmosphere for its citizens (Stad 

Gent, 2020). Cars that do not meet the required emission standards are no longer allowed to enter 

the city ring road. In this way, the city also wants to encourage people to take public transport 

when they want to visit the city center, which is beneficial for the air quality and the peace and 

quiet in the city. The measuring station is located in this low-emission zone. This station measures 

all weather variables as well as the pollutants NO, NO2 and O3.  

 

6.1.3. Urban-traffic location: Brussels, Kunst-Wet 
 

Brussels is the capital of Belgium and Europe. The city has about 1.1 million residents. Of these, 

30% are of foreign origin, making it a richly multicultural city (Brussels Hoofdstedelijk Gewest, 

2018). Brussels is divided into 19 municipalities. The Kunst-Wet site belongs to the municipality 

of Brussels-City. The site refers to the metro station located at the intersection of the streets 

"Kunstlaan" and "Wetstraat" (Beliris, 2016). It is one of the busiest places in Brussels because of 

the passengers of the metro who enter and leave the underground station and because of the 

numerous vehicles that cross this place via the ring of Brussels (i-CITY, n.d.). The capital is located 

in a low emission zone but the ring road does not belong to that zone. So even the most polluting 

cars pass through this intersection. Therefore, this location is chosen to represent an urban-traffic 

situation. An important feature of this location is that it is situated in a street canyon. The VMM 

(2013) define a street canyon as "a narrow street surrounded by high-rise buildings in which air 

pollution is less likely to disperse”. The VMM has a measuring station on this site that measures 

only NO and NO2, data for O3 was lacking. The meteorological data was provided by the measuring 

station located in Sint-Jans-Molenbeek, another municipality of Brussels. A considerable benefit 

is that Brussel Mobiliteit (2021) provides traffic data for the Kunst-Wet site. Therefore, it is 

possible to link the traffic data with the data of the air pollutants.  
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6.1.4. Urban-traffic location: Brussels, Sint-Jans-Molenbeek 

 

As previously specified, Sint-Jans-Molenbeek is a municipality of the capital Brussels. This study 

aims to investigate the relationship between O3 and the NOx also for an urban-traffic situation. 

However, the O3 concentrations are not measured in the station of Kunst-Wet. Therefore, the 

station in Sint-Jans-Molenbeek was additionally chosen to represent an urban-traffic situation. 

This is feasible as this station too is located at a place with a lot of traffic, namely next to the N8 

national road. The measuring station of the VMM both measures all pollutants (NO, NO2 and O3) 

and meteorological variables and is thereby very suitable for this research. Although, at this 

location there is no street canyon present so the situation is not completely identical to the one in 

Kunst-Wet.  

 

6.2. Data pre-processing  

 

As mentioned before, the data of the air pollutants and the weather variables were provided by 

the VMM. Since it was opted to work with hourly values in this study, the raw data that were 

obtained needed further processing for some of the variables. This section will be a detailed 

discussion of how the data were filtered and processed, which calculations were involved and 

what decisions were made regarding the elimination of non-valid data. 

 

6.2.1. Meteorological data 

 

Meteorological data were achieved from the measuring stations in Veurne, Ghent and Sint-Jans-

Molenbeek. Temperature, relative humidity, wind speed and wind direction are the variables that 

are directly measured in the stations of the VMM. Values for the medium cloud cover (MCC) and 

the boundary layer height (BLH) are predicted using a specific model. Altogether, data were 

offered for six variables which describe the weather conditions in Flanders. Table 8 presents an 

overview of the final weather variables that will be used in this study. The next two sections will 

elaborate on how these weather variables were obtained. 

 
Table 8: Weather variables with the corresponding units. 

Variable 
Temperature Windspeed Wind 

Direction 
BLH MCC 

Mean Min Max Mean Min Max 

Unit °C m/s ° m - 

 

6.2.1.1. Temperature, Relative humidity, Wind speed and Wind direction 

 

The following variables, with the corresponding units, are measured every half hour in the 

measuring stations of the VMM:  

 

- Temperature in 0.1 Celsius degrees (°C) 

- Relative humidity in % 

- Wind speed in 0.01 m/s 

- Wind direction in degrees (°), where 0° represents the north, 90° the east, 180° the south 

and 270° the west. 
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Meteorological data were made available for this study for each variable starting from 1 January 

2015 up to 15 November 2020. These data were already validated by the VMM. To obtain hourly 

values, the half-hourly values were simply averaged. This was easily feasible for the temperature, 

relative humidity and wind speed. For convenience, the units for temperature and wind speed 

were adjusted from 0,1 °C and 0,01 m/s to respectively °C and m/s. However, for the wind 

direction the values could not simply be averaged as a few constraints had to be respected. For 

example, if the average of 345° and 15° is to be calculated, the average is not 180° (representing 

the direction “south”) but 0° (representing the direction “north”) as is visible in Figure 19 

(Sasquatch Station, 2017). Hence, if the difference between the two values, from which the 

average is to be derived, is greater than 180°, 180° must be subtracted from the average. It must 

also be understood that when this operation is performed and the result is less than zero, 360 

degrees must be added. Keeping this in mind, hourly values were also obtained for the wind 

direction. Additionally the maximum and minimum value per hour were calculated for the 

temperature and wind speed. 

 
Figure 19: Wind directions (Sasquatch Station, 2017). 

6.2.1.2. The Medium cloud cover and Boundary layer height 
 

The medium cloud cover and the boundary layer height were estimated on a six hour basis with a 

deterministic, meteorological model by the ECWMF (European Centre for Medium-Range 

Weather Forecasts). The data of these predictions are not public but the VMM has permission to 

access them and it’s allowed to use them in the context of this thesis. The MCC and the BLH are 

important parameters that provide significant benefits in terms of training the model as they 

affect the atmospheric concentrations of pollutants. As mentioned in Section 5.2.1, air pollutant 

concentrations are influenced by the height of the atmospheric boundary layer. Holtslag et al. 

(2013) define the atmospheric boundary layer as “the lower part of the atmosphere that is in 

continuous interaction with Earth’s surface owing to friction and heating or cooling”. The lower 

the height of this layer, the more compact the volume in which air pollution can be dispersed and 

consequently the higher the concentrations of the air pollutants. The variable “BLH” is expressed 

in meters. Subsequently, the medium-level cloud cover is the amount of clouds present at a 

medium height in the atmosphere, ranging from 1800m to 3600m above the earth's surface 

(ECMWF, 2021). This variable indicates the degree of cloud cover by using a score from 0 to 1. 

Where 0 indicates no cloud cover, i.e. a clear sky, and 1 indicates completely dense cloud cover at 

medium altitude.  

 

The MCC and the BLH values are thus available for every six hours, i.e. at the following times: 0h, 

6h, 12h and 24h, this starting from 1 January 2015 up to 20 November 2020. To determine the 

hourly averages for these variables, a linear interpolation was made between the successive six-

hourly values. The hourly values from 1 January 2015 up to 15 November 2020 were retained for 

this study.  
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6.2.2. Air pollutant concentrations data 

 

Validated data of the air pollutants were available per hour starting from 1 January 2015 up to 9 

October 2020 for the four measuring stations: Veurne, Ghent, Brussels (Kunst-Wet) and Sint-Jans-

Molenbeek. Non-validated data were used to complete this up to 15 November 2020. Conversion 

to hourly values was no longer necessary in this case. The concentrations of the pollutants are all 

expressed in µg/m3. No further calculations were necessary for the data of the air pollutants. 

 

6.2.3. Traffic data 

 

The VMM provided the traffic data they obtained from Brussel Mobiliteit (2021). These data were 

only available for the location Brussels (Kunst-Wet), per hour starting from 01/01/2020. These 

data contain the number of cars passing the counting station for the two present lanes. No further 

conversions or calculations were applied.  

 

6.2.4. Final dataset 

 
Finally for each location, the air pollutant and meteorological data were put together in RStudio 

forming a data frame with hourly values starting from 1 January 2015 to 15 November 2020. For 

the variables MCC and BLH there were respectively 10 and 9 days for which there were no values 

available. Therefore, data for these days were eliminated for all the variables. The RMWeather 

package was used in this study for setting up the random forest model. This package also provides 

some functions to prepare the data. With these functions, variables are added to the dataset that 

add value in creating the model. The first variable that is added is the Unix date, i.e. a number 

representing each date in time. The second is the Julian day, i.e. a number that indicates which of 

the day in the year it is, going thus from 1 to 365 (or 366). The third variable is the weekday, i.e. a 

number representing which day in the week it is, going from 1 to 7. Finally, the last variable is the 

hour, i.e. a number representing which hour in the day it is, going from 1 to 24. These variables 

are valuable as it gives the opportunity to investigate the influence of the day in the year, the day 

in the week and the hour in the day on the concentrations of the pollutants.  

 

It was opted to construct the training set with data from 1 January 2015 to 31 December 2019. If 

the model should be trained with data until exactly before the lockdown it is difficult to see 

whether the difference between the model predictions and the measured values are due to the 

corona measures or due to poor model performance. If predictions are also made a short period 

before the corona measures were introduced, the model errors can be detected and thereby taken 

into account when making statements about predictions during the lockdown. 

 

Table 9 gives the first values of the final dataset used for constructing the model for the pollutant 

NO for the station in Veurne. The same type of final dataset was constructed for the other 

pollutants and for the other locations. Unfortunately, for the location Kunst-Wet the final training 

dataset consist out of data starting from 07/12/2016 until 31/12/2019 as the previous values 

were missing. The missing values were indicated in the dataset as negative values equal to -9999. 

The cause of these missing values is not known, however it may be because of malfunctioning of 

the measuring equipment. It is important that these missing values, indicated with -9999, are 

removed from the trainings dataset in order to create a logic model.  
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Therefore all the negative values for the pollutant for which the model is trained, are eliminated 

out of the specific training dataset together with the data of the variables that are related with 

these values. For each pollutant at every location, a specific model is created with the final training 

dataset. The obtained models can then be used to make predictions for the period 01/01/2020 to 

15/11/2020 based on data of the weather variables. 

 
Table 9: First values of the final dataset for NO for the station in Veurne. 

 
 

In Chapter 7, the results will be discussed and used to answer the following research questions: 

 

- How do the pollutant concentrations change during the lockdown? 

- Are the possible changes linked with the corona measures, more specifically with the 

reduction in traffic? 

- Are the possible changes in the air pollutant concentrations different in the different 

locations representing a specific type of traffic situation? 

- Are there any changes in the daily patterns of the air pollutants due to the corona 

measures? 

- Is the possible change of the daily patterns different for a week day compared to a 

weekend day? 

  

Date NO Tmean Tmin Tmax WSmean WSmin WSmax RH 

2015-01-01 01:00:00 1.0 1.05 1 1.1 6.225 5.72 6.73 94 

WD BLH MCC Unix date Julian day Weekday Hour 

192.50 448.558 0 1420070400 1 4 1 
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7. Results and discussion 
 

In this chapter the results of this study will be presented and discussed. In the first section a 

before-and-after evaluation will be described for each location to give a first indication of the 

influence of the corona measures on the pollutant concentrations. In the second section, model 

validation and interpretation will be covered for each pollutant at each location in order to 

evaluate the model performance before looking at the results conducted with the random forest 

models. Additionally, the variables will be identified that are most important in predicting the 

concentration of the different pollutants and the relation between the variable and the pollutant 

concentration will be examined. The third section covers the results based on the model 

simulations for each pollutant. The predictions of the pollutant concentrations will be compared 

with the measured concentrations in order to investigate the possible impact of the corona 

measures. This study aims to go beyond the study carried out by the VMM by investigating the 

impact of the lockdown on the daily patterns of the pollutants. This is feasible since the models 

are constructed with hourly values. The results for the location Sint-Jans-Molenbeek will be 

analyzed more in detail. Finally, in order to confirm that the corona measures caused a reduction 

in traffic, the data on traffic for the location Kunst-Wet (Brussels) will be used.  

 

7.1.  Before-and-after evaluation 

 

For each location, some statistics were calculated for both the dependent variables (the air 

pollutants) and the independent variables (the meteorological variables). More specifically, the 

mean values, the 95th percentile and the 5th percentile were calculated for the year 2017, 2018 

and 2019 and for the period of six months before and after the start of the lockdown. The mean 

values of the air pollutants six months before the start lockdown can be compared with the mean 

values for the six months after the start of the lockdown in order to see any change in 

concentrations. The mean values for the years 2017, 2018 and 2019 are interesting because they 

give a representation of the pollutant concentrations and weather conditions in Flanders during 

standard years, i.e. without a pandemic event. The 95th percentile indicates the value for which 

the variable is 95% of the times below, meaning only 5% of the data for that variable is higher 

than this value. The 5th percentile indicates the value for which the variable is 95% of the times 

higher, meaning that only 5% of the data of that variable is below this value. The results are 

presented in Table 10, Table 11, Table 12 and Table 13 for respectively Veurne, Ghent, Sint-Jans-

Molenbeek and Kunst-Wet.  

 

In the measuring station in Veurne, the concentrations of O3, NO and NO2 increased with 

respectively 15%, 18% and 4% in the six months after the start of the lockdown compared to the 

prior six months. In Ghent, the O3 concentration increased with 54%, while the NO and NO2 

concentrations decreased with respectively 58% and 28%. The same trend is observed in the 

urban-traffic locations with a decrease of the NO and NO2 concentrations with respectively 43% 

and 18% in Sint-Jans-Molenbeek and respectively 57% and 25% in Brussels, Kunst-Wet. The O3 

concentrations increased in Sint-Jans-Molenbeek with 53%. As mentioned before, various factors 

influence the concentrations of the air pollutants in the atmosphere, including weather conditions. 

Therefore, it is important to also consider them when comparing concentrations of two different 

periods.  
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At the background location little traffic is present in normal conditions and it’s not located close 

to industry. Therefore, the increase of the NOx-concentrations during the lockdown are most likely 

due to changes in weather conditions. When looking at the weather conditions, in every station 

the same trends are visible: the values for the relative humidity, windspeed, medium cloud cover 

and boundary layer height are lower in the period during the lockdown compared to the six 

months before 18 march 2020 and the temperature is higher. When less wet deposition is present 

due to lower precipitation and less diluting occurs due to lower wind speeds, NO and NO2 

compounds can accumulate in the air. In addition, a lower BLH means a smaller volume in which 

these pollutants are subject to turbulence also leading to less favorable conditions for air 

pollution. Less clouds during the night are not beneficial for air pollution as this stimulates the 

formation of temperature inversions. However, less clouds during the day leads to more solar 

radiation which is the driver for many processes that stimulate turbulence in the atmosphere. The 

rise in O3 concentrations in the background location during the lockdown can be explained by the 

increase in solar radiation, which drives the ozone formation reactions.  

 

Even though the weather conditions are less favorable for pollution dispersion and dilution, 

reductions in NOx concentrations are found at the other measuring locations and the increase in 

O3 is higher than in the background location. These results are in line with the results in the study 

of the VMM and the other studies mentioned in Chapter 5. It may thus be tentatively concluded 

that these changes are due to other factors than weather, namely due to the lockdown. However, 

it should be noted that in this before-and-after evaluation a period of six months after the 

lockdown was chosen. Thereby comparing periods with different seasons and thus different 

weather conditions. Additionally, the strict COVID-19 lockdown didn’t actually last for six months 

as gradually more corona measures were halted towards the summer. Therefore, it is more 

interesting to evaluate the first month of the lockdown and compare it with the same period in 

other years. Evaluating a period of six months after the lockdown can be used to investigate 

persisting effects of the lockdown on the air quality.  

 

The observed higher O3 levels during the lockdown at the stations in Ghent, Sint-Jans-Molenbeek 

and Kunst-Wet are related with the lower NO levels. Since less NO is present in the atmosphere 

due to lower emissions, the ozone titration is halted. This negative relation between NO and O3 

was visualized in Figure 20. In this figure, the yearly average concentrations for the two pollutants 

are plotted for each measuring station, excluding Kunst-Wet as O3 isn’t measured at that location. 

It is clear that the lower the NO concentrations, the higher the O3 concentrations are. It is also 

visible that the lowest NO concentrations are measured in the background location Veurne and 

the highest in the urban-traffic location. This is expected since NO-emissions are strongly related 

with traffic. Consequently, the background location has the highest O3 concentrations and the 

urban-traffic location the lowest. The same relation between NO and O3 was found in the report 

of the VMM in 2013 on the photochemical air pollution (Vancraeynest, 2013).   
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Figure 20: Relation between the yearly NO and O3 concentrations. 
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Input 

Variable 
2017 2018 2019 

6 months before the 

start of the lockdown 

6 months after the 

start of the lockdown 

O3 

(µg/m3) 

mean 52.5 mean 52.7 mean 52.9 mean 49.4 mean 57.2 

P95 92.5 P95 96.5 P95 89.5 P95 78.0 P95 100 

P5 8.50 P5 7.50 P5 11.5 P5 9.10 P5 16.0 

NO 

(µg/m3) 

mean 1.69 mean 1.55 mean 1.05 mean 0.76 mean 0.90 

P95 7.50 P95 7.00 P95 5.00 P95 3.50 P95 3.50 

P5 0.00 P5 0.00 P5 0.00 P5 0.00 P5 0.00 

NO2 

(µg/m3) 

mean 11.6 mean 11.2 mean 10.2 mean 9.02 mean 9.37 

P95 33.5 P95 30.5 P95 29.0 P95 27.5 P95 26.0 

P5 1.50 P5 1.50 P5 1.50 P5 1.50 P5 1.50 

Relative 

Humidity 

(%) 

mean 84 mean 83 mean 84 mean 90 mean 74 

P95 100 P95 100 P95 99 P95 100 P95 97 

P5 57 P5 53 P5 56 P5 72 P5 45 

Temperature 

(°C) 

mean 11.4 mean 11.3 mean 11.49 mean 8.68 mean 14.5 

P95 21.1 P95 22.0 P95 21.3 P95 16.1 P95 23.2 

P5 1.20 P5 0.55 P5 2.30 P5 2.00 P5 5.80 

Wind Speed 

(m/s) 

mean 5.47 mean 5.26 mean 5.34 mean 6.42 mean 5.13 

P95 10.7 P95 10.4 P95 10.8 P95 12.8 P95 10.6 

P5 1.87 P5 1.67 P5 1.73 P5 2.10 P5 1.46 

Wind 

Direction 

(°) 

mean 204 mean 172 mean 189 mean 198 mean 173 

P95 332 P95 336 P95 333 P95 312 P95 335 

P5 32 P5 16 P5 23 P5 63 P5 22 

MCC 

(-) 

mean 0.33 mean 0.27 mean 0.33 mean 0.40 mean 0.26 

P95 0.96 P95 0.98 P95 0.97 P95 0.98 P95 0.94 

P5 0 P5 0 P5 0 P5 0 P5 0 

BLH 

(m) 

mean 766.5 mean 688.1 mean 766.4 mean 940.3 mean 736.9 

P95 1621 P95 1491 P95 1675 P95 1817 P95 1633 

P5 152.5 P5 117.7 P5 133.6 P5 191 P5 109.8 

Table 10: Statistics for the background location Veurne. 
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Input 

Variable 
2017 2018 2019 

6 months before the 

start of the lockdown 

6 months after the 

start of the lockdown 

O3  

(µg/m3) 

mean 42.3 mean 44.2 mean 47.7 mean 37.5 mean 57.6 

P95 88.0 P95 97.5 P95 92.5 P95 69.5 P95 112 

P5 1.50 P5 1.50 P5 2.50 P5 1.00 P5 14.8 

NO 

(µg/m3) 

mean 7.69 mean 6.07 mean 5.26 mean 6.48 mean 2.73 

P95 34.0 P95 28.0 P95 22.5 P95 27.0 P95 11.0 

P5 0.00 P5 0.00 P5 0.00 P5 0.00 P5 0.00 

NO2 

(µg/m3) 

mean 27.4 mean 25.7 mean 23.6 mean 24.7 mean 17.7 

P95 60.1 P95 55.5 P95 56.5 P95 55.0 P95 44.5 

P5 7.00 P5 7.00 P5 6.00 P5 6.50 P5 4.50 

Relative 

Humidity 

(%) 

mean 79 mean 76 mean 78 mean 86 mean 69 

P95 99 P95 98 P95 98 P95 99 P95 97 

P5 47 P5 42 P5 45 P5 66 P5 34 

Temperature 

(°C) 

mean 12.1 mean 12.5 mean 12.4 mean 8.93 mean 15.7 

P95 22.9 P95 24.6 P95 23.4 P95 16.3 P95 25.2 

P5 0.90 P5 1.15 P5 3.00 P5 2.62 P5 7.15 

Wind Speed 

(m/s) 

mean 3.78 mean 3.74 mean 3.81 mean 4.48 mean 3.71 

P95 7.02 P95 6.86 P95 7.15 P95 8.10 P95 7.05 

P5 1.49 P5 1.47 P5 1.54 P5 1.70 P5 1.30 

Wind 

Direction 

(°) 

mean 205 mean 187 mean 194 mean 197 mean 179 

P95 334 P95 346 P95 338 P95 296 P95 341 

P5 47 P5 29 P5 35 P5 67 P5 24 

MCC 

(-) 

mean 0.33 mean 0.28 mean 0.33 mean 0.38 mean 0.27 

P95 0.94 P95 0.97 P95 0.96 P95 0.98 P95 0.92 

P5 0 P5 0 P5 0 P5 0 P5 0 

BLH 

(m) 

mean 767.6 mean 722.3 mean 783.2 mean 891.1 mean 799.0 

P95 1637 P95 1578 P95 1696 P95 1790 P95 1642 

P5 131.9 P5 114.6 P5 121.0 P5 149.6 P5 111.6 

Table 11: Statistics for the urban-background location Ghent, Baudelopark. 
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Input 

Variable 
2017 2018 2019 

6 months before the 

start of the lockdown 

6 months after the 

start of the lockdown 

O3 

(µg/m3) 

mean 36.7 mean 39.5 mean 42.8 mean 33.6 mean 51.3 

P95 78.6 P95 93.5 P95 91.5 P95 64.5 P95 103 

P5 2.00 P5 2.00 P5 2.00 P5 2.00 P5 7.00 

NO 

(µg/m3) 

mean 13.8 mean 16.2 mean 14.8 mean 15.2 mean 8.66 

P95 54.3 P95 61.5 P95 55.5 P95 64.0 P95 26 

P5 2.00 P5 3.00 P5 3.00 P5 3.00 P5 3.00 

NO2 

(µg/m3) 

mean 33.3 mean 35.1 mean 30.8 mean 27.3 mean 22.5 

P95 70.5 P95 70.0 P95 65.5 P95 56.6 P95 53.5 

P5 7.00 P5 10.0 P5 7.00 P5 5.00 P5 3.50 

Relative 

Humidity 

(%) 

mean 76 mean 69 mean 71 mean 79 mean 63 

P95 100 P95 93 P95 93 P95 94 P95 91 

P5 42 P5 37 P5 39 P5 59 P5 30 

Temperature 

(°C) 

mean 13.6 mean 12.7 mean 12.4 mean 8.68 mean 15.9 

P95 26.1 P95 25.4 P95 24.1 P95 16.1 P95 26.0 

P5 0.90 P5 0.85 P5 2.25 P5 2.25 P5 7.00 

Wind Speed 

(m/s) 

mean 3.47 mean 3.34 mean 3.55 mean 4.22 mean 3.41 

P95 7.23 P95 6.40 P95 6.93 P95 8.06 P95 6.74 

P5 1.20 P5 1.24 P5 1.26 P5 1.38 P5 1.15 

Wind 

Direction 

(°) 

mean 194 mean 180 mean 190 mean 187 mean 175 

P95 333 P95 338 P95 332 P95 279 P95 339 

P5 23 P5 12 P5 17 P5 38 P5 11 

MCC 

(-) 

mean 0.34 mean 0.29 mean 0.33 mean 0.39 mean 0.28 

P95 0.95 P95 0.97 P95 0.97 P95 0.99 P95 0.95 

P5 0 P5 0 P5 0 P5 0 P5 0 

BLH 

(m) 

mean 754.7 mean 740.7 mean 783.6 mean 888.1 mean 819.4 

P95 1633 P95 1621 P95 1689 P95 1770 P95 1703 

P5 119.3 P5 115.4 P5 121.0 P5 146.3 P5 121.4 

Table 12: Statistics for the urban-traffic location Sint-Jans-Molenbeek, Brussels. 
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Table 13: Statistics for the urban-traffic location Kunst-Wet, Brussels. 

Input 

Variable 
2017 2018 2019 

6 months before the 

start of the lockdown 

6 months after the 

start of the lockdown 

NO 

(µg/m3) 

mean 38.5 mean 34.7 mean 30.5 mean 30.9 mean 13.2 

P95 109 P95 98.1 P95 92.0 P95 87.2 P95 40.5 

P5 4.00 P5 4.00 P5 3.00 P5 3.00 P5 3.00 

NO2 

(µg/m3) 

mean 56.1 mean 56.2 mean 51.5 mean 45.2 mean 33.7 

P95 97.2 P95 96.5 P95 91.0 P95 75.5 P95 64.5 

P5 22.5 P5 23.9 P5 20.5 P5 16.5 P5 11.0 

Relative 

Humidity 

(%) 

mean 76 mean 69 mean 71 mean 79 mean 63 

P95 100 P95 93 P95 93 P95 94 P95 91 

P5 42 P5 37 P5 39 P5 59 P5 30 

Temperature 

(°C) 

mean 13.6 mean 12.7 mean 12.4 mean 8.68 mean 15.9 

P95 26.1 P95 25.4 P95 24.1 P95 16.1 P95 26.0 

P5 0.90 P5 0.85 P5 2.25 P5 2.25 P5 7.00 

Wind Speed 

(m/s) 

mean 3.47 mean 3.34 mean 3.55 mean 4.22 mean 3.41 

P95 7.23 P95 6.40 P95 6.93 P95 8.06 P95 6.74 

P5 1.20 P5 1.24 P5 1.26 P5 1.38 P5 1.15 

Wind 

Direction 

(°) 

mean 194 mean 180 mean 190 mean 187 mean 175 

P95 333 P95 338 P95 332 P95 279 P95 339 

P5 23 P5 12 P5 17 P5 38 P5 11 

MCC 

(-) 

mean 0.34 mean 0.29 mean 0.33 mean 0.39 mean 0.28 

P95 0.95 P95 0.97 P95 0.97 P95 0.99 P95 0.95 

P5 0 P5 0 P5 0 P5 0 P5 0 

BLH 

(m) 

mean 754.7 mean 740.7 mean 783.6 mean 888.1 mean 819.4 

P95 1633 P95 1621 P95 1689 P95 1770 P95 1703 

P5 119.3 P5 115.4 P5 121.0 P5 146.3 P5 121.4 
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7.2.  Model validation and interpretation 

 
Model validation is important as it is used to evaluated how well the model performs in predicting 

the pollutant concentrations based on the weather conditions. As mentioned before, the 

RMWeather package provides a function that randomly divides 80 % of the constructed training 

dataset (01/01/2015-31/12/2019) into the effective training set and 20% as a test set. The 

training set is used to construct each model with and the test set is used the validate the specific 

model. The model is used to predict the concentrations for the test set for the pollutant for which 

the model was constructed. Afterwards, the predictions are compared with the actual measured 

concentrations in the test set. By calculating the R-squared (R2) and the Root Mean Squared Error 

(RMSE), the goodness-of-fit for each model is measured. The R2 is statistical measure, ranging 

from 0 to 1 that explains how much of the variance of the output can be attributed to the model 

(Fernando, 2020). It shows how well the independent variables, i.e. the weather variables, can be 

used to predict the dependent variable, i.e. the pollutant concentration. The closer to 1, the better 

the model explains the variance of the output, meaning that the model performance is good. The 

RMSE is the root of the MSE, which is the Mean Squared Error between the predictions and the 

observations: 

𝑀𝑆𝐸 =  
1

𝑛
∑(𝑦𝑖 − 𝑓(𝑥𝑖))2

𝑛

𝑖=1

 

 

With n the amount of observations, yi the ith observation and 𝑓(𝑥𝑖) the prediction for the ith 

observation (James et al., 2013). The lower the RMSE, the closer the predictions are to the 

observations. In Figure 21, the model validation is visualized for each pollutant at each location. 

The observed value of the pollutant is plotted against the predicted value of the pollutant and the 

R2 and RMSE are given for each model. The model constructed for NO at each location only 

explains around 67% of the output variation. It can be observed that the model underestimates 

high values of the NO concentrations, meaning that the model doesn’t accurately predict the 

higher concentrations by using weather conditions. This can be explained by the fact that NO is 

strongly related with traffic and that high NO concentrations occur when a lot of traffic is present. 

Predicting these events of heavy traffic can’t be easily done based on weather conditions. 

Therefore, the variance of the NO concentrations can only be partially explained by the model. The 

models for NO2 achieve better R2 values, with 0.80 for the locations Ghent and Sint-Jans-

Molenbeek. Lastly, the models for O3 perform really good at each location with an R2 nearly equal 

to 0.90. This indicates that most of the variance in the ozone concentrations can be explained by 

the models.  

 

Furthermore, the variables that are most important in predicting each pollutant at each location 

are identified and presented in Figure 22 and Figure 23. For each variable, the variable importance 

was calculated with a function available in the RMWeather package. Grange (2020) defines the 

variable importance as "the permutation importance difference of predictions errors". In fact, 

these values indicate how much the prediction error of the model increases after the variable is 

permutated, i.e. the values for this variable are rearranged in the dataset and new predictions are 

made with this dataset. By permutating the variable, the relation with the outcome variable is 

changed and therefore the predictions and the related prediction errors (Molnar, 2020). A large 

value for the variable importance is thus attributed to an important variable since it indicates that 

changing the variable strongly influences the predictions made with the model.  
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Figure 21: Model validation (01/01/2015 – 31/12/2019) for each pollutant at each measuring location The 

black line represents the y=x line and the blue line represents the fitted line to the scatterplot. 
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Figure 22: Variable importance for each pollutant. Upper: Measuring station in Veurne. Lower: Measuring station in Ghent. 
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Figure 23: Variable importance for each pollutant. Upper: Measuring station in Sint-Jans-Molenbeek. Lower: Measuring station in Kunst-Wet (Brussels). 
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The most important variable in predicting the NO concentrations at each location is the 

temperature, more specifically the minimal temperature. At the station of Kunst-Wet a very high 

value for the variable importance of the minimal temperature is observed. The influence of the 

minimal temperature could be linked with presence of temperature inversion which creates a 

stable atmosphere and therefore traps NO pollution. Furthermore, in Veurne and Sint-Jans-

Molenbeek the windspeed is also an important parameter in the NO-models. The windspeed is 

strongly linked with the amount of dilution of the NO compounds in the atmosphere and therefore 

influences the present concentrations. In the station of Kunst-Wet, it can be observed that the 

hour in the day is more important than the windspeed. This is expected since this station is located 

in a street canyon and therefore less subjected to wind. The importance of the hour in the day is 

probably linked with the amount of traffic. Traffic peak hours influence the NO concentrations by 

the increase of NO emissions. The Julian day also reaches the top 5 of most important variables 

for the station in Ghent. This means that NO concentrations are also related with the day in the 

year at this location. For the NO2-models, the BLH stands out for the stations in Veurne, Ghent and 

Sint-Jans-Molenbeek. It can be remarked that the BLH wasn’t even found in the top 5 for Kunst-

Wet. The importance of the BLH isn’t unexpected since this parameter influences the amount of 

dispersion of the NO2 compounds. For the urban-traffic locations, the hour in the day is the most 

important variable. This again can be linked with the amount of traffic passing by the stations. 

Furthermore, the Julian day was found in every top 5. In addition, the windspeed and the wind 

direction have high values for respectively Sint-Jans-Molenbeek and Kunst-Wet. The day in the 

week can also be considered as important variable for the NO2-model in Kunst-Wet, again this is 

probably linked with the amount of traffic. During the work week more traffic is present on the 

roads than during the weekends. The relative humidity is the most important variable at each 

location for the O3-models, subsequently followed by the BLH, the Julian day and the temperature. 

The relative humidity can be used as indicator of the amount of precipitation. The amount of O3 

present in the air is influenced by rain due to wet deposition. As mentioned before, the BLH is an 

important feature for dispersion of pollutants in the atmosphere and therefore influences the O3 

concentrations. Furthermore, the importance of the Julian day, i.e. the specific day in the year, can 

be attributed to the fact that in summer, i.e. warm periods with a lot of sunlight, the ozone levels 

are higher since ozone formation is driven by sunlight. For the same reason, temperature is an 

important variable in the O3 models. 

 

The relation between the most important variables and the pollutant predictions were analyzed 

more in depth for the urban-traffic location in Sint-Jans-Molenbeek. Predictions were made with 

the NO-, NO2- and O3-model for this location for the period of 01/01/2020 – 15/11/2020, i.e. a 

new dataset. The NO-predictions were plotted in relation with the temperature and windspeed in 

Figure 24. The NO2 predictions were plotted in relation with the BLH and windspeed in Figure 25 

and the O3 predictions with the temperature, RH and BLH in Figure 26. A clear negative correlation 

was observed between the NO-predictions and the WS. This is expected since high wind speeds 

causes more dilution of the NO compounds in the air and therefore leads to lower NO-

concentrations. The same negative trend is observed with the NO2 predictions. No obvious trend 

is found between NO and T but at lower temperatures, higher concentrations are predicted. This 

could be explained by the fact that temperature inversion is more likely to occur when low 

temperatures are present at ground level, for example at night, leading to a more stable 

atmosphere. Furthermore, a negative relation is seen between NO2 and the BLH. This is also 

expected since a lower BLH means less volume in which the NO2 compounds can be diluted. 

However, no clear relation between O3 and the BLH can be observed.  
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A negative relation exists between the O3 predictions and the RH. At higher levels of RH, less O3 

was predicted. This is explained by the fact that high RH can be related with high amounts of 

precipitation and therefore more wet deposition. Finally, a positive relation can be observed 

between O3 and the temperature. As mentioned before, the ozone formation is driven by the 

presence of sunlight. At higher temperature it is more likely that a lot of solar radiation is present, 

therefore creating higher levels of O3 in the atmosphere.  

 

 
Figure 24: Relation between the NO-predictions and A) the temperature and B) the windspeed. 

 
Figure 25: Relation between the NO2-predictions and A) the BLH and B) the windspeed. 

 
Figure 26: Relation between the O3-predictions and A) the temperature, B) the RH and C) the BLH.  
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7.3.  Results based on model simulations  

 
In this section, the predictions made with the random forest model for each pollutant with the 

new dataset (01/01/2020-15/11/2020) will be compared with the measured concentrations. 

Since the effect of the weather conditions is isolated with this method, the difference between the 

predictions and measurements can be attributed to the COVID-19 lockdown. Per location a 

detailed description of the results will be presented. Additionally, the daily patterns of each 

pollutant during the first month of the lockdown will be compared with the daily patterns of the 

same period averaged for the year 2015-2019 to investigate whether there is any change. It is 

important to note that the analysis of the impact of the lockdown on the daily patterns wasn’t 

performed in the report of the VMM on the impact of the corona measure on air quality in 

Flanders. Thereby, the aim of this thesis is to establish additional findings to their results. For the 

stations in Veurne and Sint-Jans-Molenbeek the average daily patterns of Tuesday and a Sunday 

during the first month of the lockdown will be compared with patterns of the same period in 

previous years to investigate whether the possible impact of the corona measures is the same for 

a week day as a weekend day. In addition, the results for the urban-traffic location Sint-Jans-

Molenbeek will be analyzed more in depth in Section 7.3.3 by comparing the daily patterns with 

the patterns constructed with the predictions made with the models for each pollutant.  

 

7.3.1.  Background location: Veurne 

 

As there is already little traffic passing by this background location, it is expected that the 

lockdown will not strongly impact the concentrations of the pollutants related to traffic. In order 

to investigate this, the measured concentrations and the predictions made with the random forest 

models are plotted in Figure 27 for NO and in Figure 29 for NO2. Since these figures are 

constructed with hourly values, there is a lot of data plotted and this is not easy to interpret. 

Therefore, the trends in the data are made more clear by fitting a linear regression line, i.e. 

smoothing the data in Figure 28 and Figure 30. However, by smoothing the data, outliers that are 

interesting are filtered out. Still, it’s chosen to use these figures to compare the predicted values 

with the measurements. It should be remarked that the scale on the smoothed graphs are smaller 

in order to have a more detailed look at the difference between the predictions and 

measurements. The dotted line, indicates the start of the lockdown, i.e. 18th March, in each figure. 

Figure 28 shows an increase of the measured NO concentrations after the start of the lockdown, 

but the model also predicts this increase. The VMM (2020a) relates this increase with the change 

in the weather conditions. The weather was more favorable for air pollution in the period before 

the start of the lockdown as this period was characterized with heavy rains and gusts of wind. 

Whereas, the first month of the lockdown was characterized with less wind, less clouds and less 

rain thus less favorable weather conditions. The model was able to predict this increase in NO 

concentrations by using data on the weather variables. The NO2 concentrations predicted with the 

model match the observed concentrations quite good, except for the period just before the start 

of the lockdown. There, the predictions are a bit higher. The increase in the measured NO2 

concentrations during the lockdown was also predicted by the model. Finally, Figure 31 and 

Figure 32 present the results from the O3-model. The predictions match the observations properly 

during the lockdown, meaning the model could predict the O3 concentrations. Yet, starting from 

august a small difference can be observed between the predictions and measurements.  



 50 

 
Figure 27: Predicted hourly NO concentrations and measured hourly NO concentrations in 2020 (Veurne). 

 
Figure 28: Smoothed predicted hourly NO concentrations and measured hourly NO concentrations in 2020 (Veurne). 

 
Figure 29: Predicted hourly NO2 concentrations and measured hourly NO2 concentrations in 2020 (Veurne). 
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Figure 30: Smoothed predicted hourly NO2 concentrations and measured hourly NO2 concentrations in 2020 (Veurne). 

 
Figure 31: Predicted hourly O3 concentrations and measured hourly O3 concentrations in 2020 (Veurne). 

 
Figure 32: Smoothed predicted hourly O3 concentrations and measured hourly O3 concentrations in 2020 (Veurne). 



 52 

Overall, no clear differences between the measured concentrations and the predictions can be 

observed during the lockdown. In Figure 29 and Figure 31, it can be seen that there are some gaps 

in the data for respectively NO2 and O3 due to the removal of missing values of the measurements. 

A remark should be made on the NO-model as the concentrations before the lockdown are 

overestimated and thus it fails in predicting the concentrations based on the weather conditions. 

This could indicate an error in the model. To investigate this error, the model performance before 

and after the start of the lockdown will be compared in Figure 33 and Figure 34. It can be observed 

that a great deal of the time the observed data before the lockdown is equal to 0 µg/m3 and that 

the model overestimates the predictions for these data points. The large amount of “zero” values 

could be due to failure of the measuring device or due to concentrations being lower than the 

detection limit of the equipment. Another remarkable thing is that the measured values take 

intervals of 0.5 µg/m3, this was seen at the other locations too. This is probably due to rounding 

of the data. In Figure 33, it is clear that these lower concentrations with low resolution, i.e. high 

intervals between the measured values, are overestimated with the model. Figure 34 shows that 

intermediate concentrations are predicted more accurate but again a large amount of the 

observations with low concentrations is overestimated. As mentioned before, the NO-models at 

each location have rather low R2 values meaning that these models perform less for this substance.  

 

 
Figure 33: Model performance before the start of the lockdown (01/01/2020-18/03/2020) for NO (Veurne). 

 
Figure 34: Model performance after the start of the lockdown until 15/11/2020 for NO (Veurne). 
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Subsequently, the daily profiles were established for each pollutant. The daily patterns were 

averaged for the first month of the lockdown, i.e. 18/03/2020-18/04/2020. It was opted to 

compare this profile with the average daily profile for the same period averaged for the years 

2015-2019. In Figure 35, it can be seen that the daily patterns for the NOx compounds didn’t 

change that much during the lockdown. Except for the peaks in NO concentrations at 1 and 2 a.m. 

during the lockdown with mean concentrations of respectively 11.30 and 12.93 µg/m3. When 

looking at the data, outliers were found for these hours. Therefore, the error bars were plotted on 

the daily patterns to have a more accurate overview in Figure 36. The error bars present the 

interval [+SD, -SD] for each mean hour value, with “SD” the standard deviation. It can be observed 

that the error bars for the mean NO concentrations at 1 and 2 a.m. are bigger due to the outliers. 

For the other pollutants, no differences in the length of the error bars are observed for the daily 

patterns during the lockdown compared with the previous years. The daily profile for NO2, has 

the same trend during the lockdown as the years before, namely a decrease in the concentrations 

starting from 7 a.m., up to a minimum at noon, and an increase towards the evening with a 

maximum at 8 p.m. This can be described as a bimodal pattern but it is not that clear. The trend of 

the daily O3-profiles is the same with a minimum at 6 a.m. and from that point on an increase with 

a maximum around 2-3 p.m. after which the concentrations drop back. The concentrations during 

the lockdown reach 84.56 µg/m3 at the peak, while compared with the other years the mean 

maximum O3 concentrations is lower during the day with 77.20 µg/m3. The higher peak could be 

attributed to the higher amount of solar radiation during the first month of the lockdown which 

drives ozone formations.  

 

In Figure 35 and Figure 36, the daily patterns were calculated by taking the average value per 

hour for one month, so no distinction was made between a week-day or a weekend day. However, 

in the weekend much less traffic is present on the road. Therefore, it is interesting to investigate 

if the impact of the corona measures on the daily profiles is more marked during the weekdays 

than during the weekends. In Figure 37, the average daily patterns for a Tuesday are compared 

with the average daily patterns for a Sunday. 

 

 
Figure 35: Average daily patterns for the period 18/03-18/04 A) Average of the years 2015-2019 B) Average in 2020 

(Veurne). 
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Figure 36: Average daily patterns with error bars, that show the mean concentration +/- SD (Veurne). 

When comparing the average Tuesday profile for the period 18/03 – 18/04 in the years 2015-

2019 (A in Figure 37) with the average Sunday profile for this period in these years (C in Figure 

37), no clear difference can be observed. This means that in normal conditions, the daily profiles 

for each pollutant are the quite the same on a week-day as on a weekend day. The average Tuesday 

O3-profile during the first month of the lockdown differs from the previous years. A sharp 

decrease can be seen in the concentrations at 6 a.m. in figure B in Figure 37. It should be remarked 

that the the first month of the lockdown only has four Tuesdays. For O3 only 2 logic values were 

available at 6 a.m. for these days. Starting from 10 a.m. 20/03/2020 up to 12 p.m. 27/03/2020 

values were missing for O3. It can be noted that the O3-profiles reach higher maximum 

concentrations during the lockdown both for a Tuesday and a Sunday. No clear changes can be 

seen in the NOx-profiles during the lockdown both for a Tuesday and a Sunday. 

 

 
Figure 37:Average daily profiles for a A) Tuesday (18/03-18/04 2015-2019), B) Tuesday during the first month of the 

lockdown, C) Sunday (18/03-18/04 2015-2019) and D) Sunday during the first month of the lockdown (Veurne). 
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7.3.2. Urban-background location: Ghent, Baudelopark 

 

For the measuring station in Ghent, the hourly concentrations for each pollutant were also 

estimated with the corresponding model and compared with the measured concentrations. The 

results were again smoothed to obtain a more detailed understanding. In Figure 38 and Figure 39 

it is clear that the predictions for the NO concentrations are overestimated by the model starting 

from 18 March 2020. As with the background location, the model predicts an increase of the NO 

levels which could be explained by the change in weather conditions. This increase can be 

observed in the measurements but it is much less explicit. This could be attributed to the corona 

measures. Since this location is an urban-traffic situation, more influence of traffic emissions can 

be expected compared to the background location in Veurne. The corona measures caused for a 

decline in traffic al around Flanders and this leads to lower NO-emissions coming from vehicles in 

this period. This could thus be the reason that the measured NO concentrations in this urban-

traffic station are lower than predicted with the model. The difference between the measured 

concentrations and the predictions persists during the summer months but is lower. It can be 

remarked that again, the model predictions are also overestimated in January.  

 

For NO2, the difference between the model predictions and observed concentrations is less clear 

in Figure 40. When looking at Figure 41, the NO2 model predicts the increase in concentrations 

during the lockdown, as in the background location, correctly but the values for the predictions 

are higher than the observed values. The lower concentrations than predicted could thus be 

attributed to the lockdown as there was less traffic in that period. However, the effect of the 

lockdown is less pronounced as for NO. A more pronounced difference is observed in the summer 

period, where the measured concentrations reach very low concentrations. The relatively large 

prediction errors in the summer months could be attributed to the fact that less traffic was on the 

road in this period, so less NO emissions are released in the atmosphere. The low NO 

concentrations in summer are also observed in Figure 39. Lower NO emissions lead to less 

conversion of NO with O3 to NO2 in the air. The lower amount of traffic during summer is 

attributed to the summer vacation. The model is capable of predicting this decrease in NO2 

concentrations in summer but the measured concentrations are in fact lower. The reason for that 

could be that due to the corona crisis even less traffic was on the road in summer as more people 

stayed at home. 

 

Figure 42, shows the hourly values for O3 in Ghent but again this figure is hard to interpret. The 

smoothed values in Figure 43 show that the model is very effective in predicting the 

concentrations the period before the lockdown. With the start of the lockdown, a difference can 

be seen between the predictions and the measurements. The model predicts that the O3 levels in 

that period should be lower than observed. The difference increases with a maximum in May and 

then decreases until the predictions match the observations again in June. In the summer months 

the measurements are in turn lower than predicted. Starting from August, the model is again 

accurate in predicting the concentrations. The higher concentrations during the lockdown than 

predicted can be explained by the reduction in NO concentrations. As mentioned before, the ozone 

titration by NO is lowered due to the lower NO emissions and therefore lower NO concentrations 

in the atmosphere. This leads to accumulation of O3 concentrations in the air.  
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Figure 38: Predicted hourly NO concentrations and measured hourly NO concentrations in 2020 (Ghent). 

 
Figure 39: Smoothed predicted hourly NO concentrations and measured hourly NO concentrations in 2020 (Ghent). 

 
Figure 40: Predicted hourly NO2 concentrations and measured hourly NO2 concentrations in 2020 (Ghent). 
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Figure 41: Smoothed predicted hourly NO2 concentrations and measured hourly NO2 concentrations in 2020 (Ghent). 

 
Figure 42: Predicted hourly O3 concentrations and measured hourly O3 concentrations in 2020 (Ghent). 

 
Figure 43: Smoothed predicted hourly O3 concentrations and measured hourly O3 concentrations in 2020 (Ghent). 



 58 

The average daily patterns for the first month of the lockdown are again compared with the 

average daily patterns of the previous years for the same period. The results for the urban-

background location are given in Figure 44. The average NO-profile for the years 2015-2019 

shows a clear peak at 7 a.m. with a concentration of 20.32 µg/m3. The NO-profile during the first 

month of the lockdown has a more stable pattern throughout the day with a maximum of only 

7.71 µg/m3. The daily profile of the NO2 concentrations in the previous years follows a bimodal 

pattern, with the highest peak at 7 a.m. and a second peak between 8 and 9 p.m., which could each 

be linked with traffic peak hours. This bimodal pattern is still seen during the lockdown but the 

first peak reaches only 34.48 µg/m3 opposed to 43.56 µg/m3 in the previous years and the second 

peak 30.57 µg/m3 opposed to 36.21 µg/m3. The same profile is maintained by O3 during the 

lockdown as compared to the other years with a minimum around 6 a.m. and an increase from 

there until it reaches its maximum concentration at 3 p.m. However, this average maximum is 

86.34 µg/m3 during the lockdown compared to the average maximum of 73.09 µg/m3 in the 

previous years. The minimum at 6 a.m. in the O3 concentrations could be explained by the increase 

of the NO concentrations in the morning due to higher amount of traffic at that time of the day 

leading to more NO emissions. The NO reacts with O3 to form NO2 and O2. When the peak hours in 

the morning are over also more solar radiation reaches the earth driving the ozone formation 

reaction out of NO2. This process reaches its maximum in the afternoon as the highest temperature 

are present at that time. Afterwards, the O3 concentrations drop again during the traffic peak 

hours in the evening. It is remarkable that NO concentrations don’t show a bimodal pattern as 

NO2. It could be expected that with the increase in traffic in the evening during rush hours and 

therefore the increase in NO emissions, a peak in the NO concentrations would be observed at that 

time of the day. This can however not be observed in the daily profiles. This phenomenon could 

be explained by the fact that the reaction from NO with O3 forming NO2 goes so fast that the 

increase in NO emissions can’t be measured.  

 

 
Figure 44: Average daily patterns with error bars, that show the mean concentration +/- SD (Ghent). 
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7.3.3. Urban-traffic location: Brussels, Sint-Jans-Molenbeek 

 

The results for NO for the urban-traffic location Sint-Jans-Molenbeek are given in Figure 45 and 

Figure 46. It can be observed in Figure 45 that a difference occurs between the predictions and 

the measurements with the start of the lockdown, this difference is even more clear in Figure 46. 

The smoothed concentrations predicted with the model show an increase, as in the background 

station, to around 18 µg/m3 in May, which is 10 µg/m3 more than the smoothed measured 

concentrations at that time. Afterwards the model predicts a decrease towards the summer. The 

increase seen in the smoothed measured concentrations is rather part of the fluctuating 

concentrations around the same level starting from 18th of March until the summer. As with the 

station Ghent, this could be explained by the measures during the lockdown. This station 

experiences a lot of traffic in normal conditions, leading to NO emissions. The amount of traffic 

decreased during the lockdown and therefore the NO emissions, leading to lower NO 

concentrations in the atmosphere. Yet again, the model also predicts higher values for the 

concentrations in January.  

 

The results for NO2 are given in Figure 47 and Figure 48. Figure 47, shows that the predicted 

concentrations before the lockdown match the measured concentrations very well. With the start 

of the lockdown the predictions start to differ with the measurements. The smoothed 

concentrations in Figure 48 are overestimated reaching a difference of 16 µg/m3 with the 

smoothed measurements in May. The increase that is predicted with the model is not visible at all 

in the measured concentrations. In this station, the impact of the corona measures on the amount 

of traffic clearly translated in lower NO2 concentrations in the atmosphere. In the summer months, 

very low concentrations were measured, which do not match the predicted concentrations. 

However, this can probably be more explained by the fact that during the summer vacation a lot 

less traffic is on the road than by the corona measures. It can be noted that the difference between 

the predictions and the measurements during the summer months is less pronounced for NO than 

for NO2, this was also observed in the station in Ghent. Still, the results for this urban-traffic station 

show that the link between the amount of traffic and the NOx concentrations is evident. 

Anthropogenic events like the COVID-19 lockdown and the summer vacation, which are 

responsible for a decrease in the amount of traffic, have an impact on their concentrations in the 

atmosphere. The models are quite capable of predicting the decrease in NOx concentrations during 

the summer months as this is a yearly phenomenon that is present in the data with which the 

models are trained. The COVID-19 event, however, is exceptional and therefore the prediction 

errors are larger for that period as the models couldn’t predict the reductions related with this 

event. A clear impact can also be seen in the results for O3 during the lockdown. The predicted and 

measured O3 concentrations are plotted in Figure 49 and the smoothed values in Figure 50. From 

the first figure it can be observed that the predictions are in line with the measurements and that 

a difference occurs from 18th March, i.e. the predicted O3 concentrations are situated lower than 

the measured O3 concentrations. This can be confirmed with the smoothed figure. The smoothed 

predictions reach levels up to 70 µg/m3 , whereas the smoothed measurements never go higher 

than 63 µg/m3. From halfway June the predictions start to match with the observations again. The 

higher O3 concentrations during the lockdown can again be explained by the fact that less NO is 

present in the atmosphere which causes the breakdown of O3. It can be noted that during the 

summer vacation the O3 concentrations also reach high levels but the model predicts this quite 

good. This indicates that the model expects the high levels of O3 during the summer but the higher 

levels during the lockdown are exceptional and can thus be attributed to the corona measures.   
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Figure 45: Predicted hourly NO concentrations and measured hourly NO concentrations in 2020 (Sint-Jans-Molenbeek). 

 
Figure 46: Smoothed predicted hourly NO concentrations and measured hourly NO concentrations in 2020 (Sint-Jans-

Molenbeek). 

 
Figure 47: Predicted hourly NO2 concentrations and measured hourly NO2 concentrations in 2020 (Sint-Jans-Molenbeek). 
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Figure 48: Smoothed predicted hourly NO2 concentrations and measured hourly NO2 concentrations in 2020 (Sint-Jans-

Molenbeek). 

 
Figure 49: Predicted hourly O3 concentrations and measured hourly O3 concentrations in 2020 (Sint-Jans-Molenbeek). 

 
Figure 50: Smoothed predicted hourly O3 concentrations and measured hourly O3 concentrations in 2020 (Sint-Jans-

Molenbeek). 
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At this urban-traffic station an obvious difference arises between the measurements and the 

predicted concentrations with the models. Therefore, it was chosen to calculate this difference, 

i.e. the prediction errors. The prediction error was calculated by subtracting the measured value 

from the predicted value. A positive prediction error indicates that the model overestimates the 

observed values, a negative prediction error indicates an underestimation. A prediction error of 

zero indicates that the model predicts the concentrations perfectly. The results are given in Figure 

51. The left side of the figure shows the prediction errors for the hourly values, the right side 

shows the smoothed values. Again it should be remarked that the scales on the figures with the 

smoothed values are different because of this smoothing.  

 

 
Figure 51: Prediction errors for each pollutant at Sint-Jans-Molenbeek (2020) Right: hourly values. Left: smoothed values. 

In Figure 51, it is visible on the smoothed plot for the prediction errors for the NO-model that the 

difference between the predicted concentration and the measured concentration is around 5 

µg/m3 before the start of the lockdown, i.e. in February, this value can be used as the smoothed 

“reference prediction error” in normal conditions to compare the prediction errors with in 

lockdown conditions. A positive error can be seen just before the 18th of March and the error 

increases during the first month of the lockdown. This indicates that the NO-model predictions 

are higher than the measurements in this period. The large prediction errors seen in January are 

due to the overestimation of the concentrations in the beginning of this month, this is also seen in 

Figure 45 and Figure 46. The prediction errors drop drastically in October. On the left side of the 

figure the prediction error takes values way below zero up to -300 µg/m3. In Figure 45 it is visible 

that in November very high concentrations are observed and the model underestimates these 

concentrations. Since the smoothed function includes these values, the drop is this large.  

 

The smoothed reference prediction error for the NO2-model fluctuates around a positive value of 

4 µg/m3, this means that the model overestimates the NO2 concentrations in normal conditions 

with 4 µg/m3. On Figure 51, it is clear that the prediction errors for the NO2-model increase during 

the lockdown, indicating that the model predicts higher concentrations than observed in this 

period. 
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For the O3-model, the smoothed prediction error in normal conditions fluctuates around zero. It 

can be observed that this error drops during the lockdown below zero and increases again until 

July. The negative values during the lockdown indicate that the measured O3 concentrations were 

higher than the predicted concentrations. The results from Figure 51 confirm the earlier 

statements about the impact of the corona measures on the air pollutant concentrations in this 

urban-traffic station.  

 

The average daily patterns were also calculated for this station for the first month of the lockdown 

and for the same period in the years 2015-2019. The results are given in Figure 52 and the results 

with the error bars in Figure 53. The NO-profile features a pronounced peak at 7 a.m. with an 

average concentration of 43.28 µg/m3 in the years before the pandemic and drops back to a stable 

mean concentration of circa 11 µg/m3 throughout the rest of the day. During the lockdown, the 

NO concentration only peaks with 21.17 µg/m3 and from 11 a.m. the concentration fluctuates 

between 5 and 8 µg/m3. The smaller morning peak can be attributed to the lower amount of traffic 

present at the peak hour during the lockdown. The bimodal pattern of the NO2 concentrations is 

maintained during the lockdown but it’s located lower on the graph and with reduced peaks at 6 

a.m. and 8 p.m. Again the second peak isn’t seen in the NO-profile which could imply that the 

conversion of NO to NO2 and O3 happens this fast that the monitors aren’t able to measure the NO 

concentrations but that in the morning the NO concentrations remain longer in the atmosphere 

before they are converted. This could be explained by the fact that the temperature in the morning 

is lower than in the evening and less O3 is present. Therefore the conversion happens slower in 

the morning and more rapid in the evening. Normally, the first and second peak of NO2 are of the 

same magnitude with on average a concentration of 51 µg/m3. During the lockdown the second 

peak (31.82 µg/m3) no longer reaches the same concentration as the first one (39.05 µg/m3). This 

could imply that the reduction in the amount of traffic during peak hours in the lockdown is larger 

in the evening. In addition, the average minimum NO2 concentration is 14.60 µg/m3 opposed to 

28.27 µg/m3 before the pandemic.  

 

The O3-profile shows the same trend during the lockdown as in the previous years, namely a drop 

in the concentrations at 6 a.m. and an increase towards the afternoon and from around 3 p.m. the 

concentrations start to decrease again. It can be remarked that the difference between the 

minimum concentrations and the maximum concentrations is larger during the lockdown, namely 

55.41 µg/m3 compared with the difference in the previous years 41.48 µg/m3. During the 

lockdown the maximum concentration is 84.25 µg/m3 compared with 64.92 µg/m3 during the 

previous years. As there are les NO compounds present in the atmosphere O3 is able to accumulate 

more during the day which leads to a higher peak in the afternoon and higher minimum 

concentrations compared with “normal” years. 

 

For this urban-traffic location, the difference of the average daily patterns for the pollutants 

during the lockdown compared with the average profiles of the previous years is very clear. Figure 

53, shows that the error bars on the mean hourly values are approximately of the same order 

before and after the lockdown. So the differences in the daily profile can’t be attributed to outliers. 
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Figure 52: Average daily patterns for the period 18/03-18/04 A) Average of the years 2015-2019 B) Average in 2020 

(Sint-Jans-Molenbeek). 

 

 
Figure 53: Average daily patterns with error bars, that show the mean concentration +/- SD (Sint-Jans-Molenbeek). 

 

When comparing the results for this station with the background and urban-background location, 

the results show a more pronounced difference in the pollutant concentrations and the daily 

profiles during the lockdown for the urban-traffic situation. Therefore, it was chosen to further 

investigate the changes in patterns of daily concentrations in this station. It is also interesting to 

calculate the average daily patterns during the lockdown based on the predictions made with the 

models and compare this with the average daily patterns made with the measured concentrations. 

Figure 54, shows the daily patterns based on both the predictions and the measurements for the 

first month after the start of the lockdown.  
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The mean measured NO concentrations follow the same pattern as the predicted NO-profile. 

However, the average NO-profile made with the predictions has higher concentrations and a more 

pronounced peak at 6 a.m. with a concentration of 48.30 µg/m3 compared with the peak at 7 a.m. 

with the measured values that reaches a concentration of 21.17 µg/m3. In Figure 52, a maximum 

concentration of 43.28 µg/m3 was observed in the years before the corona pandemic. This means 

that the model predicts a higher mean peak during the first month of the lockdown than the mean 

peak in normal years during the same period. As stated before, this could be due to the less 

favorable weather conditions in this period in 2020 compared with other years. The NO2-profile 

constructed with the measured concentrations follows a more clear bimodal pattern than the 

predicted NO2-profile and has lower concentrations than predicted. Which is contradictory to the 

mean NO2-profile for the years 2015-2019 in Figure 52, where the bimodal pattern is more clear 

than during the lockdown. The O3-model predicts lower concentrations but the patterns of the O3 

concentrations are approximately the same: a minimum at 6 a.m. and a maximum in the afternoon. 

Remarkably, the predicted daily minimum concentration (27.63 µg/m3 ) is almost same as the 

measured value (28.84 µg/m3). The maximum measured concentration is 84.25 µg/m3 and the 

maximum predicted concentration is 71.56 µg/m3. It can be noted that the predicted maximum 

O3 concentrations reaches a higher value than the calculated mean concentrations for 2015-2019 

in Figure 52. So the model was able to predict that the O3-profile during the lockdown would reach 

higher concentrations than compared to other years. As mentioned before, the weather conditions 

during the lockdown were different than in previous years, with more sunlight during the day. 

This stimulates the ozone formation and therefore the model was able to predict higher 

concentrations for this period. However, the measured concentrations are higher than predicted 

meaning that other factors than the changed weather conditions had influence. As stated before, 

the corona measures can be held responsible for this.  

 

 
Figure 54: Average daily patterns based on the predictions compared with the average daily patterns based on the 
measured concentrations for the period 18/03/2020 – 18/04/2020, i.e. the first month of the lockdown (Sint-Jans-

Molenbeek). 
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As for the background station Veurne, the average daily profiles of Tuesday are compared with 

daily average patterns of a Sunday in Figure 55 for the urban-traffic station. It can be seen that the 

“normal” average Tuesday profile (A in Figure 55) differs from the “normal” average Sunday 

profile (C in Figure 55). The NOx-profiles on a Sunday are more stable compared with a Tuesday. 

The O3-profile shows a same increase in concentrations towards the afternoon but the decrease 

in the morning, like on a Tuesday, isn’t observed. The O3 concentrations are more stable 

throughout the evening and night on a Sunday. The difference in the patterns on Sunday can be 

attributed to the fact that much less traffic is on the roads compared with at Tuesday. Therefore, 

the increase in concentrations during the peak hours can’t be observed. The patterns seen on a 

Sunday are quite in line with the patterns seen at the background location.   

 

The average NO profile for a Tuesday in the period 18/03 to 18/04 for the years 2015-2019 shows 

a very sharp peak at 7 a.m. of 77.98 µg/m3. During the first month of the lockdown the maximum 

NO concentration on a Tuesday is 34.62 µg/m3 at 6 a.m. (see B in Figure 55). It can also be noted 

that the NO-profile fluctuates more throughout the rest of the day. The bimodal pattern of NO2 at 

an average Tuesday first peaks with 69.04 µg/m3 at 7 a.m. and with 49.35 µg/m3 at 8 p.m. During 

the lockdown these peaks are also observed but do not attain such high concentrations, namely 

43.17 µg/m3 at 7 a.m. and 30.75 µg/m3 at 7 p.m. The O3-profiles show the same trends for a 

Tuesday, i.e. a minimum at 6 a.m. and a maximum at 2 p.m. However, the values for the 

concentrations are higher during the lockdown, namely 24.87 µg/m3 for the minimum and 88.83 

µg/m3 for the maximum compared to respectively 16.35 µg/m3 and 69.42 µg/m3 in the same 

period for the previous years. It can be noted that the NO2 peaks on a Tuesday aren’t of the same 

magnitude as was seen in Figure 52. 

 

When comparing the Sunday profiles (C and D in Figure 55), the trends of the profiles are quit the 

same with stable NOx-profiles throughout the whole day. The profiles have shifted: the O3-profile 

during the lockdown is located at more higher concentrations, and the NO- and NO2-profiles at 

lower concentrations. The maximum O3 concentration during the lockdown is 101.33 µg/m3 

compared with 73.61 µg/m3 in previous years. The maximum NO2 concentration on a Sunday 

before the lockdown is 44.52 µg/m3 opposed to 19.52 µg/m3 during the lockdown. The corona 

measures have thus also an effect on the O3 daily patterns of a Sunday. 

 

 It’s interesting to compare these results with the ones for the background station in Figure 37. 

For that station no remarkable differences were observed between the average profiles on a 

Tuesday and a Sunday for the years 2015-2019. In the urban-traffic station the Tuesday profiles 

are strikingly different than the profiles for a Sunday. For the NOx-profiles no clear change was 

seen at the background station during the lockdown. Whereas, for the urban-traffic station the 

profiles have lower concentrations compared with other years. For the O3-profile the same trend 

can be observed in the background station and on a Sunday in the urban-traffic station, namely a 

peak in the afternoon but no clear drop in the morning as on a Tuesday. This again shows the 

influence of the NO emissions coming from traffic on the O3 concentrations. Since less NO 

emissions are released in the background station and on a Sunday in the urban-traffic location 

during the peak hour in the morning, no clear drop in the O3 concentrations is observed.   
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Figure 55: Average daily profiles for a A) Tuesday (18/03-18/04 2015-2019), B) Tuesday during the first month of the 

lockdown, C) Sunday (18/03-18/04 2015-2019) and D) Sunday during the first month of the lockdown (Sint-Jans-
Molenbeek). 

7.3.4. Urban-traffic location: Brussels, Kunst-Wet 

 

For the last station, situated in the city center of Brussels, again predictions were made with the 

models for the traffic-related pollutants. Unfortunately, this could only be done for the NOx 

compounds since O3 wasn’t measured at this station. It is also essential to mention again that the 

model predictions for this station are made using data of the weather variables from the station 

in Sint-Jans-Molenbeek.  

 

The results for NO are given in Figure 56 and Figure 57. Already from the first figure is very clear 

that the predictions are higher than the measured concentrations with the start of the lockdown. 

This is confirmed in the second figure with the smoothed values. It is remarkable that the model 

doesn’t predict an increase in the concentrations as the other models did in the other stations. 

This could be explained by the fact that this station is located in a street canyon and therefore is 

less susceptible to change in weather conditions. In fact, the predicted NO concentrations at this 

station show a descending pattern starting from January until the summer. However, it can be 

remarked that the concentrations are also overestimated by the model in January. Although, the 

model predicts a decrease during the lockdown, the NO concentrations are in fact much lower. In 

Figure 58, a difference between the predictions and the measurement for NO2 can be observed 

starting from 18th March 2020. Figure 59 shows this difference even more clear. The predicted 

concentrations do not correspond at all with the observations during the lockdown. A large 

decrease can be observed in the measurements. With a difference between the smoothed 

observations and measurement up to 20 µg/m3 in May. The explanation of the difference in 

predictions and measurements is the same as with the other urban-traffic station Sint-Jans-

Molenbeek. However, the impact of the corona measures is even larger in the center of Brussels 

due to the fact that the reduction in the amount of traffic during the lockdown is more outspoken.  
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Figure 56: Predicted hourly NO concentrations and measured hourly NO concentrations in 2020 (Kunst-Wet). 

 
Figure 57: Smoothed predicted hourly NO concentrations and measured hourly NO concentrations in 2020 (Kunst-Wet). 

 

 
Figure 58: Predicted hourly NO2 concentrations and measured hourly NO2 concentrations in 2020 (Kunst-Wet). 
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Figure 59: Smoothed predicted hourly NO2 concentrations and measured hourly NO2 concentrations in 2020 (Kunst-Wet). 

The daily patterns for NO and NO2 are given in Figure 60, where there are observable differences 

visible between the average profiles for the period of 18th March until 18th April from the years 

2015-2019 and the profiles of that same period in 2020, i.e. the first month of the lockdown. The 

NO-profile during the lockdown shows a small peak at 7 a.m. with 21.73 µg/m3 and a more stable 

trend during the rest of the day. In the previous years, the NO-profile shows a less stable pattern 

but has also a peak at 7 a.m. However this peak reaches a much higher concentration, namely 

63.31 µg/m3 and also the concentrations during the rest of the day are higher than during the 

lockdown. It can be noted that the error bars on the left side of the figure quit large. This indicates 

that a lot of variations exist on the NO concentrations at this station, especially at the peak hour 

in the morning. The monitoring station is located near a road that experiences a lot of variation in 

traffic mostly during rush hours. Therefore it is more likely that extreme values are present in the 

data for this station at the peak hour, these are included in the error bars. It can also be seen that 

during the lockdown more variation in the data is present at 7 a.m. 

 

The NO2-profile during the lockdown shows a bimodal pattern, just as the profile observed in the 

years 2015-2019. It can be noted that the peaks aren’t from the same magnitude, namely the first 

peak is more pronounced and reaches 44.77 µg/m3 at 7 a.m. while the second peak only reaches 

34.63 µg/m3. The two peaks in the NO2-profile of the previous years are relatively from the same 

magnitude and reach higher values than during the lockdown, namely around 75 µg/m3. It can 

also be observed that the minimum NO2 concentrations normally occurs at 3 a.m. with 40.66 

µg/m3 and the concentration in the afternoon, between the two peaks, is quite stable around 60 

µg/m3. While during the lockdown the concentration after the first peak drops back to around 22 

µg/m3 which is equal to the minimum level. The lower concentration during the lockdown can 

again be attributed to the lower NO emissions coming from traffic and therefore less conversion 

to NO2 in the air.  
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Figure 60: Average daily patterns with error bars, that show the mean concentration +/- SD (Kunst-Wet). 

As mentioned before, data was available on the amount of traffic passing by the station at Kunst-

Wet per hour. It is interesting to investigate if the corona measures did in fact caused a decrease 

in the amount of traffic. This can be confirmed with Figure 61. The start of the lockdown is 

indicated with the dotted line. From that point on, a clear drop in the amount of counts of cars 

passing at each lane of the road is observed. The amount of cars increases again up to the summer 

months. During the summer, a decrease can be observed again. This confirms the statements 

made before that linked the reduction in the amount of traffic with the decrease in NO emissions 

and therefore the decrease in NOx concentrations in the atmosphere and increase in O3 

concentrations.  

 

 
Figure 61: Hourly traffic data of 2020 for the station Kunst-Wet. 
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8. Conclusion 
 
The aim of this master thesis is to investigate the impact of the corona measures on the 

concentrations of the traffic-related pollutants NO, NO2 and O3 at four different locations, each 

representing a specific traffic situation. For each pollutant at each location a random forest model 

is constructed to make predictions of the hourly pollutant concentrations during the lockdown 

based on weather conditions. The predictions are then used to make a comparison with the 

measured hourly concentrations in order to detect any changes.  

 

At the background station in Veurne no clear difference is observed between the predicted 

concentrations and the measured concentrations. The NOx concentrations increased with the start 

of the lockdown, i.e. 18th March 2020, and the O3 concentrations decreased. This can be explained 

by the fact that the weather conditions were characterized as less favorable for air pollution in the 

first month of the lockdown. The results for the urban-background station in Ghent show that the 

predictions made with each model differ from the measurements during the lockdown. Both the 

NOx-models predict an increase in the NOx concentrations as observed in the background station. 

This increase is seen to a much lesser extent in the measurements. Especially the NO 

concentrations rather fluctuate during the lockdown than really increase. By contrast, the O3 

concentrations are higher than predicted during the lockdown at this station. The same results 

are seen in the two urban-traffic locations, one situated in the city center of Brussels and one 

situated in Sint-Jans-Molenbeek. However, the difference between the predictions and the 

measurements is more pronounced. These results are in line with the study performed by the 

VMM. The lower NO concentrations during the lockdown than predicted at these stations can be 

attributed to the lower NO emissions coming from traffic due to the corona measures. The lower 

amount of NO causes less conversion with O3 to NO2. Hence, the lower NO2 concentrations and the 

higher O3 concentrations.  

 

It can therefore be concluded that the corona measures caused a reduction in the NOx 

concentrations during the lockdown and that this reduction is more pronounced in urban-traffic 

locations. As the background location doesn’t experience much traffic in normal conditions, little 

impact on the amount of traffic passing by the monitoring station is seen during the lockdown and 

therefore little change in the NO emissions. However, it is confirmed that in the urban-traffic 

station the amount of traffic did decrease during the lockdown leading to a larger impact of the 

corona measures on the traffic-related concentrations.  

 

A second objective of this master thesis is to investigate if the daily patterns of the air pollutants 

during the first month of the lockdown differ from the daily patterns in normal conditions, i.e. the 

same period in the years 2015-2019. In the background station no clear change was observed in 

the trend of the daily patterns. For the urban-background and the urban-traffic stations, the NO-

profile in normal conditions is characterized with a peak at 7 a.m., i.e. the moment of the morning 

traffic peak hour. The same trend was seen during the lockdown but the peak didn’t reach such 

high concentrations. This is explained by the lower amount of NO emissions at that time compared 

with the previous years. The NO2-profile shows a bimodal pattern in these stations in normal 

conditions, with a first peak at 7 a.m. and a second peak from the same magnitude at 8 p.m., i.e. 

respectively the morning and evening peak hours. These peaks are related with the peak in NO 

concentrations, however, the second peak isn’t seen in the NO-profile, which could be explained 

by a more rapid conversion of NO to NO2 in the evening.  
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The NO2-profile during the lockdown also shows a bimodal pattern at these locations but lower 

concentrations are observed and the second peak is lower than the first peak. This could imply 

that the reduction in the amount of traffic during peak hours in the lockdown is larger in the 

evening. The O3-profile shows the same trend during the lockdown as in normal condition. A drop 

in the O3 concentrations is present at 6 a.m., which is related with the high NO concentrations at 

that time of the day. Afterwards, there is an increase in the concentrations due to the increasing 

amount of solar radiation which drives the ozone formation reactions. The O3-profile has a 

maximum around 3 p.m. During the lockdown, higher O3 concentrations are observed and a higher 

peak in the afternoon. This is attributed to the lower NO concentrations in the atmosphere during 

the lockdown.  

 

The last objective is to investigate whether the impact of the corona measures on the daily 

patterns of the air pollutants is different for a week day compared to a weekend day. At the 

background station, the impact on the daily patterns was the same for a Sunday (a weekend day) 

and a Tuesday (a week day), i.e. no changes in the NOx-profiles and the same trend for the O3-

profile but with higher concentrations during the lockdown. The higher concentrations compared 

with other years are attributed to the higher amount of solar radiation during the first month of 

the lockdown. Also, the patterns on a Tuesday and a Sunday where in the same line, namely stable 

NOx-profiles throughout the day and an increase in the O3 concentrations starting from 7 a.m. with 

a maximum in the afternoon. At the urban-traffic location Sint-Jans-Molenbeek, there are 

noticeable differences between the profiles on a week day and a weekend day. The daily patterns 

of the pollutants on a Sunday are in line with the patterns observed in the background station. The 

NO-profile on a Tuesday shows a sharp peak at 7 a.m. The NO2-profile shows a bimodal pattern 

with the first peak in the morning and the second (smaller) peak in the evening. The moment of 

the peaks are related with the traffic peak hours. The O3-profile shows a drop in the morning and 

an increase in the concentrations with a maximum in the afternoon. The impact of the corona 

measures on the daily patterns on a Tuesday and a Sunday are, however, the same. Namely higher 

O3 concentrations and lower NOx concentrations but no clear impact in the trends of the profiles. 
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